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ABSTRACT 
This thesis studies measuring systems for active steering of railway vehicles. The aim 
of the study is to develop state estimation techniques to provide high integrity 
feedback variables for the active steering of railway vehicles. Practicality and 
provision of high-integrity data are two important aspects of the work. To avoid the 
use of expensive sensors and complex instrumentation, practical techniques for 
estimating vehicle variables are developed where only economical measurements are 
used and they can be easily implemented. 
The conventional solid-axle wheelset and wheelset with independently-rotating 
wheels are studied and their mathematical models are developed. The fundamental 
stability problem of these two models is analysed from a control engineering 
viewpoint for studies of actively-controlled wheelsets. The Kalman filters are then 
developed for these models to estimate all state variables, particularly variables of the 
wheelset relative to the track such as lateral displacement and yaw angle which are 
needed for active control. A number of sensing options are also identified, analysed 
for performance and assessed in a comparative sense. Fault detection and isolation 
schemes are then studied for the estimation techniques developed. Finally, some 
applications are considered. The techniques and analysis methods developed for the 
single wheel pair are extended and applied to a MKII coach and a two-axle railway 
vehicle. The estimation of cant deficiency for tilting trains is explored, and also the 
possibility of state estimation for a real profiled wheel. 
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Chapter 1: Introduction 
CHAPTER 1 
INTRODUCTION 
1.1 Background 
For many years the design of railway vehicles has been primarily a mechanical 
engineering discipline, but the use of actively-controlled suspension systems is 
starting to change this. Tilting trains, in which the vehicle bodies lean inwards to 
enable higher speeds through curves, are now in widespread operation throughout the 
rest of Europe, and are most likely to appear again in the UK over the next 5 years. 
More general applications of active suspensions, in which springs and dampers are 
replaced or supplemented by actuators, sensors and controllers, are under serious 
development by a number of railway manufacturers and operators, and it now seems 
that the technology will progressively be adopted, particularly since tilting trains have 
established a clear precedent for the use of active control [Goodall - 1997]. 
Most of the active suspensions applications currently being considered relate to the 
secondary suspension between the body and the bogie (with the objective of 
improving ride quality), but the concept can also be applied to the primary suspension 
between the bogie and the wheels. A conventional bogie generally has two solid-axle 
wheelsets, with the coning or profiling of the wheels providing guidance through 
mechanical action, and active control can be added to improve the performance [Shen 
- 1997]. However there are larger benefits to be gained from a more radical approach 
in which the wheels can rotate independently, with steering being provided through 
active control [Wickens - 1991]. Not only can this fundamentally improve the 
vehicle's curving ability leading to large reductions in wear of the rail and the wheel, 
but also it is possible in principle to dispense with the bogies altogether. This will 
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create a major change in the mechanical design of the vehicle, giving considerable 
simplification of the mechanical system and a substantially lower weight. 
1.2 Railway Vehicle Structure 
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Figure l. 1 Railway vehicle structure 
It is useful to explain the essential mechanical arrangement of a modern high-speed 
rail vehicle shown in Figure 1.1, quite a complex arrangement which has evolved over 
nearly two centuries of railway operation [Pratt - 19961. This figure also introduces 
some terminology used to classify different parts of the suspension. First there is the 
vehicle body for the passengers. Underneath are two bogies each having two pairs of 
wheels, connected together into what is called a wheelset (a very important railway 
component which will he discussed in detail in Chapter 3). The suspension 
arrangement which interconnects these seven masses - one body, two bogies, four 
wheelsets - is complex. The suspension between the wheelsets and the bogie is 
1 
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known as the "primary suspension", mainly dealing with running stability. Also there 
is the secondary suspension from the bogies to the vehicle body, nowadays usually a 
very soft set of airsprings which ensure that the passengers experience a good ride 
quality. Both stages of suspensions are carefully designed in the lateral and vertical 
directions, and some of the rotational modes such as yawing and rolling are important 
as well. 
Each body in this system has six degrees of freedom: roll, pitch, yaw, longitudinal, 
vertical and lateral motions. Many of the dynamic modes of this system are coupled 
together; lateral motions of the body result in roll motions of the body, etc. 
1.3 Active Control of Wheelsets 
An unconstrained conventional railway wheelset goes round curves naturally - as a 
curve is encountered it moves outwards, and the increased rolling radius caused by the 
coning of the wheels makes the outer wheel progress faster than the inner wheel, 
thereby traversing the curve without running hard onto the flange. The difficulty is 
that the motion of an unconstrained wheelset is dynamically unstable, and it is usual 
to have pairs of wheelsets in bogies, with longitudinal and lateral constraints (usually 
springs) to ensure that this dynamic instability occurs at a speed higher than the 
vehicle's maximum design speed. The adverse effects of these constraints is that it 
degrades the natural curving action, and there is critical and difficult trade-off 
between stability and curving in the design of the wheelsets and bogie. The scientific 
basis underlying these effects and the design issues for conventional (passive) railway 
vehicles are now well understood [Wickens - 1998] [Gilchrist -1998]. 
Although there have been various passive and semi-active control approaches 
developed to improve the wheelset behaviour, active steering of the wheelset may 
potentially offer the best solution to the problems [Mei - 2000b]. It has been shown 
that it is possible to use actuators to stabilise a solid-axle wheelset without interfering 
with its natural curving action [Mei - 2000a] [Perez - 2000] or to actively steer the 
wheelset to follow a pure rolling line on a curved track [Mei - 2000c]. 
3 
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To overcome the drawbacks of the solid-axle wheelset, the independently-rotating 
wheelset was introduced. Permitting the wheels to rotate independently reduces the 
effect of the dynamic instability, but it also removes the natural curving action and 
some form of steering becomes necessary. In addition, the control system is still 
subject to the complexity which comes through the creep mechanism and the high 
order of the mechanical system. A number of mechanically-based steering methods 
have been investigated [Dukkipati - 1993], but using active control the wheels can be 
steered so that the vehicle is guided along the centreline of the track, primarily 
through feedback of the lateral displacement between the wheels and the rails. 
1.4 Scope of Work 
To apply active control to the wheelsets, most control strategies proposed so far 
assume that some basic measurements are readily available. However in practice 
many of those primary feedback variables are extremely difficult to measure in 
particular the relative movement between the track and wheelset such as wheel-rail 
deflection, angle of attack and wheelset lateral velocity relative to the track. This is 
partly because of the arduous vibration and climatic environment, and partly because 
the profiling of the wheel and the shape of the rail causes difficulties for obvious 
measurement technologies such as optical, inductive, etc., and it is this difficulty 
which has motivated the research described in this thesis into estimation techniques 
for railway vehicles. 
The aim of the study is to develop state estimation techniques to provide high 
integrity feedback variables for the active steering of railway vehicles. Practicality 
and provision of high-integrity data are two important aspects of the work. To avoid 
the use of expensive sensors and complex instrumentation, practical techniques for 
estimating vehicle variables need to be developed where only economical 
measurements are used and they can be easily implemented. 
4 
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Also, wheelset control is a safety-critical issue and to be of practical use any proposed 
control scheme must be guaranteed to be fail-safe. This safety issue adds an extra 
dimension to the sensing requirement, and the provision of measurements must not be 
affected by the individual sensor failures. 
The particular objectives of the research are: 
1) To identify representative models of active steering systems and the 
corresponding measurement requirements 
2) To compare different schemes of sensors and associated model-based signal 
processing (e. g. Kalman filters etc. ) in terms of performance and practicality 
3) To test how robust the Kalman filter estimation is when the sensor faults occur, 
and the innovation analysis to see whether the sensor faults are detectable or 
separable. 
Both the conventional solid-axle wheelset and the wheelset with independently- 
rotating wheels are studied and their mathematical models are developed. The 
fundamental stability problem of these two models is analysed from a control 
engineering viewpoint for studies of actively-controlled wheelsets. The Kalman filters 
are then developed for these models to estimate all state variables, particularly 
variables of the wheelset relative to the track such as lateral displacement and yaw 
angle which are needed for active control. A number of sensing options will be 
identified, analysed for performance and assessed in a comparative sense. Finally the 
sensor faults diagnosis and analysis will be studied. 
Some applications are also considered. The techniques and analysis methods 
developed for the single wheel pair will be extended and applied to a MKII coach and 
a two-axle railway vehicle. The estimation of cant deficiency for tilting train will also 
be explored, a subject which may appear to be outside the basic scope of the research, 
but which will be seen to be a natural "by-product" of the wheelset estimation 
process. A recursive Kalman Filter scheme is also studied to consider real profiled 
wheels. 
5 
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1.5 Structure of the Thesis 
Chapter 2 to 9 are organised as follows: 
Chapter 2- this chapter gives a literature review of the research work in active 
control of suspensions, wheels or wheelset, and the state estimation techniques. 
Chapter 3- this chapter presents two linearised dynamic models developed for the 
conventional solid-axle wheelset and independently-rotating wheels, and gives some 
simulation results for straight and curved tracks. It also analyses the fundamental 
stability problem based upon control system stability analysis, and suggests 
theoretical possibilities for active control laws which might be investigated from a 
practical point of view. 
Chapter 4- in this chapter Kalman filters are formulated for the two single wheelset 
models. It demonstrates how some primary feedback variables such as wheel/rail 
lateral displacement and angle of attack are estimated with both deterministic and 
random track inputs. 
Chapter 5- this chapter is concerned with modelling a half MKII coach and applying 
the Kalman filter estimation techniques to the model. Techniques for detecting and 
identifying sensor faults are developed, and relevant test and analysis on MKII coach 
are explored. 
Chapter 6- this chapter describes the modelling, state estimation and sensor faults 
analysis for a two-axle vehicle. 
Chapter 7- this chapter is concerned with the application of the techniques 
developed during the research to estimate cant deficiency for tilting trains. 
Chapter 8- this chapter describes the development of recursive Kalman filter for 
state estimation for a real profiled wheel. 
Chapter 9- this chapter summarises the results from the previous chapters. 
Conclusions from the findings of the research study are made and discussed, and 
recommendations for further work are made. 
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1.6 Summary of the Contribution of the Research 
The following are the principal achievements of the research: - 
1. In identifying appropriate models for the study, a control-orientated approach has 
presented extra insights into the instability of a conventional solid-axle wheelset, 
and revealed a previous unreported instability in wheelsets with independently- 
rotating wheels. 
2. The principle of model-based estimation for railway wheelsets using Kalman 
Filters has been firmly established, including estimation of additional variables 
such as the cant and curvature of the track, neither of which had been anticipated 
but which are extremely useful. 
3. A new fault-tolerant sensing scheme is developed to detect and identify the sensor 
faults by using only a single Kalman filter. 
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CHAPTER 2 
LITERATURE REVIEW 
Extensive literature surveys have shown that no previous research work has been 
conducted so far on the Kalman Filter estimation for active steering of railway 
vehicles. However the work presented in this thesis is related to a number of major 
areas of research, such as the active control of suspension, active control of wheels or 
wheelset, state estimation techniques and fault detection and diagnosis methods. This 
chapter gives a substantial literature review on the recent research development in 
those areas. 
2.1 Active Control of Suspension 
Although active suspensions have been under development since the 1930s, most of 
the significant developmental work has occurred since 1950, and active suspensions 
for railway vehicles have now been under serious consideration at a theoretical or 
experimental level for around 30 years [Goodall - 1997]. It is now generally accepted 
that actively-controlled suspensions are able to offer improvements beyond what is 
possible passively, and consequently the use of active elements in railway suspension 
systems is on the development agenda for a number of railway equipment 
manufacturers around the world [Goodall - 1997]. Over this period there have been a 
number of conceptual studies which have laid the theoretical foundations; also survey 
papers which provided a review of techniques and developments. Some have given an 
overview of development [Goodall - 1997] [Hedrick - 1975], whereas others have 
endeavoured to question the rationale for their use [Karnopp - 1978] [Goodall - 1990]. 
8 
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The development of active suspension systems has paralleled the development of high 
performance feedback control servo mechanisms. In the 1950s pneumo-mechanical 
suspensions for automotive-type vehicles were developed, as were low frequency load 
levelling suspensions for several types of vehicles [Hedrick - 1975]. In the mid 1960s 
interest in active vehicle suspensions increased in the U. S. and a number of other 
countries as efforts to develop improved higher speed intercity transport systems was 
initiated [Hedrick - 1975]. Because of the greater speeds and high levels of 
performance required, research and development of advanced rail vehicles and new 
types of air cushion and magnetically levitated vehicles which employ active 
suspensions was initiated [Hedrick - 1975] and has continued to draw great attention. 
British Rail started its active suspension research in the late 1960s with work on 
Advanced Passenger Train (APT) tilting system [Boocock - 1982]. By tilting 
passenger vehicles while passing through curves the effect of lateral acceleration on 
the passengers is reduced, leading to increased comfort and/or higher operating 
speeds. Though it is possible to tilt a vehicle by using pendulum action alone, it is 
usually necessary to include an active element to achieve sufficient speed of 
operation. 
Recently, active suspension technology for rail vehicles is developing rapidly. In 
Sweden a semi-active lateral suspension was tested for the X2000 tilting trains [Roth - 
1995]; this uses a novel semi-active damper which has been specially developed. Also 
developed was an active lateral "hold-off" device, mainly for use on more 
conventional trains in the UK [Allen - 1994]. GEC-Alsthom (now known as Alstom), 
the manufacturers of TGV vehicles, have studied a semi-active damper for lateral 
suspensions on a laboratory rig [O'Neil - 1994]. In fact all the main European 
manufacturers have on-going tests on active control. In Japan a wide range of studies 
are happening, partly with their WIN350 vehicle which is being used for extending 
Shinkansen operating speeds to 350 km/h, but also with a "Try-Z" test vehicle on 
which a number of active suspension concepts are being developed and tested [Sasaki 
-1996]. 
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2.2 Active Control of Wheels or Wheelsets 
Most of the active suspension applications currently being considered relate to the 
secondary suspension between the body and the bogie (with the objective of 
improving ride quality), but the concept can also be applied to the primary suspension 
between the bogie and the wheels. 
Many research works have been carried out on systems of active steering mainly for 
passenger automobiles, and work in this area has been reviewed [Furukawa - 1989]. 
A more correct term for these systems, in which the rear wheels of a car are actively 
steered in response to the human steering input to the front wheels, would be actively- 
assisted steering [Wickens - 1991]. 
During the 1980s a significant programme of research was undertaken by the French 
research organisation INRETS. One concept named ERIOM, carried out for Matra- 
Transport and RATP (the Paris urban network), studied an electro-magnetically 
steered wheelset with independent wheels. A quarter scale model was tested 
experimentally on a roller rig at Grenoble [Chollet - 1988], and demonstrated that the 
independent wheels provide good curving behaviour, while good stability at high 
speed is given by a specific control law. The model was also used to measure creep 
forces at the wheel-rail contact [Chollet - 1989]. Further work was carried out for 
GEC-Alsthom, and employed hydraulic actuators to provide steering of axles with 
independently rotating wheels using eddy current sensors measuring the lateral 
displacement [Aknin - 1991]. An experimental study involving a two-axle 25 tonne 
freight vehicle with a wheelbase of 10m was completed, and several configurations 
were patented but details remain confidential. Concerns about safety have meant that 
the project has not continued since that time. 
There have been a relatively small number of studies on active steering for railway 
vehicles, however this is starting to change and some serious theoretical studies are 
taking place [Mei - 2000b]. By using active controls to replace or complement 
passive primary suspensions, the main aim of those studies is to improve both curving 
10 
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performance and stability of railway vehicles. It has been proposed to place actuators 
on to a wheelset in either yaw or longitudinal direction, which can be used to 
implement so called yaw relaxation [Shen - 1997] or to directly steer the 
wheels/wheelset to follow the track [Mei - 2000d] [Perez - 2000]. Actuators can also 
be mounted onto a solid-axle wheelset in the lateral direction to control the stability, 
although this has been found to worsen the ride quality on the vehicle body [Mei - 
2000b]. 
For an independently-rotating wheelset, the same yaw/longitudinal actuation schemes 
may be used to provide both stability and guidance control [Mei -1999] [Dukkipati - 
1999]. Because the two wheels on the same axle are now allowed to rotate freely from 
each other, there is a possibility of applying a differential torque between the wheels 
to implement active control and this has been demonstrated on a scaled down model 
[Gretzschel -1999]. 
An even more radical concept was proposed for rail vehicles by Wickens, to have two 
independent wheels mounted on stub-axles. A comprehensive study of the active 
guidance of the wheel-pair was undertaken [Wickens - 1991], and this identified 
some of the key issues for stability with such a system. These ideas have been 
extended [Powell - 1996] [Powell - 1998] [Wickens - 1999] and in particular to 
study the use of differentially controlled traction/braking forces instead of actuators to 
provide steering action. 
A number of different control strategies have been proposed for controlling wheels 
and wheelsets. Classical PI/PID approaches are amongst the most popular choices 
[Wickens - 1999] [Gretzschel - 1999]. There are also active schemes derived from 
intuitively-formulated control approaches, and it has been demonstrated that it is 
possible to stabilise a solid-axle wheelset by applying a yaw torque proportional to 
lateral velocity of the wheelset or a lateral force proportional to yaw velocity [Mei - 
2000e] [Goodall - 2000]. Some modern control methods have also been studied. 
Linear quadratic optimal controllers have been developed for both solid axle and 
independently-rotating wheelsets [Mei - 2000a] [Dukkipati - 1999] and W° control 
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has been proposed to actively steer the independently-rotating wheelset [Mei - 
2000f]. However many of the proposed control strategies require feedback 
measurement that is very difficult and impractical to obtain, in particular the relative 
movement between the track and the wheelset. 
2.3 State Estimation Techniques 
Active control often requires feedback signals that are not readily available and 
cannot be easily and economically measured in practice. The issue of obtaining 
accurate and reliable information for those signals via simple measurements, e. g. 
using inertial sensors, is of both academic and industrial interest. Although for control 
strategies such as H°° control the issue is not so obvious as the estimation structure is 
embedded in the controller [Zeng - 1997] [Kawabe - 1998], direct design and 
implementation of a state observer is often desirable and the use of Kalman filters is 
one of the effective means to estimate those parameters. Developed by Rudolf Emil 
Kalman in 1960 [Kalman - 1960] the Kalman filter can be used to estimate the state 
of a linear dynamic system perturbed by Gaussian white noise, using measurements 
that are linear functions of the system state, but corrupted by additive Gaussian white 
noise. The mathematical model used in the derivation of the Kalman filter is a 
reasonable representation for many problems of practical interest, including control 
problems as well as estimation problems. 
The original Kalman filter developed by Kalman in 1960 is the discrete and time 
varying one. There is also a much simpler variation, which is the steady-state Kalman 
filter with stationary gain matrix where the filter will return the optimal estimate in 
the steady-state. For many non-linear systems, linearisation procedures are used with 
the Kalman filter resulting in so-called extended Kalman filter which can estimate not 
only the state variables but also the operating positions of the system [Brookner - 
1998]. For the continuous-time analysis, there is the Kalman-Bucy filter which is very 
similar to the discrete steady-state Kalman filter except that it works in the continuous 
form [Chui -1987]. 
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In some cases the model (often in the state space form) of an observable system can 
be directly used to construct the Kalman filter and all inputs to the plant can be 
considered as white noise disturbances, and the design is then relatively 
straightforward. In [Tanifuji - 1996], an optimal controller is introduced to implement 
active controls for the secondary lateral suspension of a 1/6 scaled down railway 
vehicle. The full state feedback is provided by a Kalman filter using the measurement 
of accelerations of the vehicle body lateral, roll and bogie lateral motions, and relative 
displacement between the body and bogie. In [Sharma - 1994], a Kalman filter is used 
for state estimation on a fully active suspension system. And in [Li - 1999], the 
Kalman filter control is used to improve the system performance of active secondary 
suspension in response to different track features. Kalman filters are also used to 
provide fast curvature recognition for active tilting of railway vehicle on curves, 
where a system of gyroscopes and accelerometers mounted directly in the vehicle 
body measures the vehicle body orientation with respect to an inertial reference frame 
of axes [Stribersky - 1995]. There are also some works where Kalman filters are used 
on road vehicles [Kiencke - 1997] [Ray - 1997] and [Best - 2000]. 
2.4 Fault Tolerance 
The provision of high integrity measurements is an important practical problem for 
implementing any active steering control strategies. The use of active steering will 
require a high level of fault-tolerance to meet requirements for both safety and 
operational performance. The detection and identification of any particular fault is one 
of the fundamental requirements. Traditionally, fault-tolerance in a dynamic system is 
achieved through the use of hardware redundancy voting, in which signals from three 
or more identical devices which sense the same physical quantity are monitored by a 
logic circuit [Patton - 1989]. But this only allows detection and identification of faults 
at the expense of added components, space and cost. 
Modern methods such as analytical redundancy are developed to overcome these 
problems, at least in part, and improve the overall system reliability and fault- 
13 
Chapter 2: Literature Review 
tolerance. The fault-detection methods can be broadly classified into two categories 
[Willsky - 1976] [Patton - 1989] [Isermann -1997]: 
" One is the use of dedicated observers for multi-output process. There are a 
variety of observer structures proposed, including one observer excited by one 
sensor output [Clark - 1978a]; a Kalman filter driven by all outputs [Mehra 
and Pescheon - 1971]; a bank of observers excited by all outputs [Willsky - 
1976]; a bank of observers with single output [Clark - 1978b]; and a bank of 
observers driven by all outputs except one [Frank -1987]. 
" The other approach is to use fault detection filters (fault sensitive filters) for 
multi-output processes, where the feedback of the state observer is chosen so 
that particular fault signals change in a definite direction, and fault signals in a 
definite plane [Isermann -1997]. 
These fault-detection methods mostly require several measurable output signals and 
make use of the internal analytical redundancy of multivariable systems. 
2.5 Summary 
The work presented in this thesis is going to bring together the general work on 
estimation and fault tolerance/diagnosis approaches with the particular requirements 
for railway vehicles in order to produce a basis of practical measurement system for 
future actively-controlled railway vehicles. 
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CHAPTER 3 
SINGLE WHEELSET MODELLING & CONTROL 
SYSTEM ANALYSIS 
This chapter presents the development of mathematical models for both a 
conventional solid-axle wheelset and a wheelset with independently-rotating wheels. 
Block diagram representations of both models are used, with the objective of giving 
insights from a control engineering viewpoint for studies of actively-controlled 
wheelsets. The analysis concentrates upon a single wheelset, not of course a practical 
possibility, but an important starting point for an evaluation of wheelset dynamics to 
take full advantage of the prospective benefits offered by active control. 
3.1 Features of the Track 
Railway track comprises two distinct types of input: the random inputs representing 
the irregular surface, and the deterministic inputs representing intended track design 
features such as gradients in the vertical direction, curves in the lateral direction. Only 
the track inputs in the lateral direction are relevant to this study, and therefore 
discussed as follows. 
3.1.1 Random Inputs 
The random inputs represent the inaccuracies in laying the track, the lack of 
straightness of the steel rail and the effects of fixtures. From the results of many 
studies [Spangler - 1966] [LaBarre - 1970], the lateral track level may be 
approximated as a random process with a power spectral density (referred to as a 
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P. S. D. ) of the lateral track input yt. The general form of spatial spectral density of the 
track alignment yt(x) is given in equation (3.1), where ff [cycle/m] is the spatial 
frequency, Ar is the track roughness factor, and x is the distance along the track. 
Ar=0.33x10"8 [m2(cyclem')2] is used throughout this thesis to represent typical lateral 
track irregularities for a modem high-speed railway line. 
P Sy, (fsýx) = f3 /cyclem-1ý (3.1) 
Equation (3.1) may be converted into a temporal form by using vfS=ff. Thus, 
S 
y, 
(fr 
, x) = 
A,. 
33 
[m Z/ cycle m-' 
. 
fr 
where ff [Hz] is the temporal frequency and v is the vehicle velocity. 
(3.2) 
The time-varying track displacement yt(t) is derived from traversing, at velocity v, the 
rigid track profile which has the form yt(x). At any instant, these two quantities yt(t) 
and yt(x) must be equal, because the position of the point of contact is given by x=vt, 
and the corresponding spectral densities are shown in equation (3.3) [Robson - 1979]. 
Sys( fit)=S 
(f'x) [m2 /Hz] 
v 
(3.3) 
The power spectral density SY, (f, , x) provides an invariant description of a track 
profile, from which the excitation spectral density S,,, (f,, t) can always be derived for 
any particular vehicle velocity. 
By substituting the division shown in equation (3.3) into equation (3.2), a temporal 
frequency based spectrum is given in equation (3.4). 
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i 
S;, (. ft, t)= 
A' 
3 
[m2 /Hz] (3.4) 
ft 
Since it will be seen that future calculations require the use of an input velocity 
spectrum, the power spectral density for dyt/dt is then (24) 2 Sy, , i. e.: 
S" (fý, t)= 
(2; r)2 A, v2 [(mis)2/HZ] (3.5) 
yo ff 
The magnitude of this lateral random track velocity spectrum reduces with increasing 
frequency, but for the development of estimation techniques a constant value is used 
such that the velocity of lateral random track becomes "white noise" with a Gaussian 
distribution which simplifies the design process. This does not accurately represent 
the lateral spectrum, but the overall method is useful in obtaining comparative results 
between designs. In some cases measured track data is used for evaluation of 
particular examples. This is not used for general studies of the estimation process 
because real track data may have some particular features in a narrower frequency 
range which do not properly represent the general case, and are therefore less 
appropriate for a basic research study of this kind. 
3.1.2 Deterministic Inputs 
Deterministic inputs are principally low-frequency/long-wavelength features 
associated with curves, an important characteristic being the transition when changing 
from straight track onto a curve. Figure 3.1 shows a lateral track feature, which 
consists of a section of straight track, a transition and the curve itself. The 
characteristics of the curves and transitions are defined in order to satisfy passenger 
comfort requirements. These are specified in terms of time characteristics, and 
translated by the civil engineer into distance profiles, depending upon the train 
operating speed. The track is canted in conjunction with the curve in order to reduce 
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the lateral acceleration experienced by the passenger. During the transition both 
curvature and cant angle increase to their final values. 
`Straight track' 
Figure 3.1 Lateral curved track feature 
Cant angle 0 
The curved track can be represented by the curve radius (R) and cant angle (0), where 
a cant angle is the degree to which one rail is superelevated to overcome the 
centrifugal force. The unbalanced force between the centrifugal force and the 
component of gravity of a vehicle on the track surface is often represented by the so- 
called cant deficiency, as defined by: 
2 
6d=v 
gR-0 
(3.6) 
In this thesis, a railway curve with 100m curve radius and 6° cant angle is assumed. 
Figure 3.2 plots the curvature (1/R) and cant angle (0) in the time history, where both 
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curvature and cant angle increase linearly through the transition from the straight 
track to the steady curve. A transition time of 2 seconds is used throughout the thesis. 
0.12 
Curvature 
0.08 
C 
ýj 0.06 
06 
aý 
0.04 
0 
0.02 
0.1 
Cant angle 
01 05 10 15 20 25 
Time (secs) 
Figure 3.2 Definition of curved track 
3.2 Conventional Solid-axle Wheelset 
3.2.1 Modelling 
R 
Figure 3.3: Conventional Wheelset 
30 35 40 
Coned 
wheel 
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The conventional solid axle wheelset is a simple but very effective mechanical object, 
which has been used for more than 150 years successfully before its dynamic 
properties were fully understood [Gilchrist - 1998]. A conventional railway wheelset 
shown in Figure 3.3 is composed of two coned (or otherwise profiled) wheels rigidly 
fixed to a common axle and therefore constrained to rotate at the same angular 
velocity. The radius of the wheel on the contact point between the wheel and the rail 
is the rolling radius. If a wheelset is rolling along a track and is displaced laterally, the 
rolling radii are different on the two wheels due to the profiles of these two wheel 
treads. The difference of the rolling radii results in different forward speeds in each 
wheel and forces the wheelset to have a yaw angle so that the wheelset will turn 
towards the track centre-line, cross it and overshoot to the other side, following a 
sinusoidal path along the track. The basic guidance mechanism of the wheelset 
therefore results in an effect known as the "kinematic oscillation" of the wheelset as 
shown in Figure 3.4. In fact, the operation is more complex than this because the 
speed difference or "creepages" in the lateral and longitudinal directions create "creep 
forces". It is these forces applied to the wheelset which both provide guidance and 
create the instability [Wickens - 1969]. 
Figure 3.4 Wheelset "kinematic oscillation" 
Figure 3.5 shows two-degree-of-freedom of a single wheclset running along a curved 
track. The co-ordinate system used to define the motions of the wheelset is the 
moving reference axis that travels with the wheelset, which means that corrections are 
necessary in places to allow for the axis motion. Spin creep is relatively small and 
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hence will be neglected in common with other less important terms [Wickens - 1975]. 
The longitudinal and lateral creepages are defined as [Wickens - 1965]: 
actual forward velocity - pure rolling forward velocity 
forward velocity due to rolling 
y2 actual 
lateral velocity - pure rolling lateral velocity 
forward velocity due to rolling 
Curve r 
Figure 3.5 Single wheelset on curve with moving axis 
The railway track constrains the vertical modes and the constant speed v defines the 
longitudinal motion. Consequently a wheelset is usually modelled with two 
independent degrees of freedom - the lateral displacement v and the angle of attack 
The longitudinal and lateral creepages for the left and right wheels can be represented 
in equations (3.7) to (3.10), where the equivalent conicity X is assumed small, the 
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wheel radius when the wheelset is central is ro and the lateral distance between the 
contact points is 21. Notice that the curvature 1/R affects the longitudinal creepages. 
Left wheel: 
rILlV1 +A (3.7) 
To 
Y2L 
y-V (3.8) 
v 
Right wheel: 
YIR 
lv+R Ay 
(3.9) 
v0 
. 
72R =y- (3.10) 
At small values of creepage the relationship between force and creep can be 
considered to be linear and hence linear coefficients can be used in calculations. 
Fx =-fiiYi (3.11) 
Fy = -f22Y2 (3.12) 
where f11 and f22 are the linear creep coefficients. 
The real system has profound non-linearities associated with the wheel flanges (see 
Figure 3.3), which contact the rail when the lateral movement available on the coned 
section is exceeded. However the overall aim is to avoid flange contact in normal 
running because this is what causes high wear on the wheel and rail. Also this thesis 
concentrates on developing the estimator for active steering schemes that are able to 
improve performance on curves in a manner which considerably reduces the effects of 
non-linearities, and the use of a linearised model is therefore justified. 
22 
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By substituting the creepage equations (3.7) and (3.9) into the equation (3.11), the 
wheelset differential longitudinal creep force causing the wheelset yaw motion is: 
FX = -fl1YlL + fl1YlR (3.13) 
By substituting the creepage equations (3.8) and (3.10) into the equation (3.12), the 
wheelset lateral creep force is: 
Fy = -f22Y2 = -. f22 
(Y2L + Y2R) -2. f22 (v - ý) (3.14) 
Combining the creep forces and the centrifugal force on curves, an unconstrained 
wheelset can be represented by the lateral and the yaw motions as follows, where y1 is 
the track lateral displacement. 
my 
y+ 
2m22 
Vf +Rz (3.15) -go Y=- 
.. 
Z"2 
(3.16) v 
2lrlA (YY)11v V+ 
IR 0 
Each equation has two contributions to the creepage. The first term in the lateral 
equation is due to the pure lateral velocity, the second term is that induced by the 
wheelset yaw. The third and forth terms are to allow for the moving axis system, i. e. 
the effects of curvature (1/R) and track cant (0). The first term in the yaw equation is 
the longitudinal creep induced by the conicity, and the second is that due to the yaw 
velocity. The final term is again a correction to allow for the moving axis system, this 
time to represent the changes in rail speed caused by the curvature. 
For the steady state with no track lateral displacement, equations (3.15) and (3.16) 
become: 
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222. fiilii 
_ 
2fiila 
m22 
Vf_ _(R _ go) Iro 
Y= IR 
(3.17) 
and the quasi-static lateral displacement of an unconstrained wheelset on curves, 
which is the pure rolling line of the wheelset, can be obtained from equation (3.17) as: 
l1 
(3.18) 
This is inversely proportional to both the wheelset equivalent conicity and the curve 
radius. The yaw angle of the wheelset relative to its radial position is called the angle 
of attack, which would be zero when the wheelset rolls on the pure rolling line and the 
cant deficiency is zero, as shown in equation (3.17). 
For straight track, the equations of motion for the unconstrained conventional 
wheelset become: 
.. 2f" 2 
y =- 
22 y ,ý 
22 '/, (3.19) 
my m 
Y' 
2f W ov(Y-Y)-2IV (3.20) 
0 
The parameters, with typical values, are given in Table 3.1. 
Table 3.2 gives the natural frequency and damping factor of the modes for the 
unconstrained conventional wheelset at speeds of v=10,20, and 30 m/s. Notice that 
the wheelset kinematic frequencies are only a few Hz, and it can be shown that the 
mode is unstable at all non-zero speeds. There is also a mode which has almost real 
eigenvalues at a much higher frequency. 
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Symbol Quantity Value 
m wheelset mass 1250 kg 
0 track cant 6° 
v forward velocity 13.3 m/s 
x conicity 0.15 
1 half gauge 0.75 m 
flI longitudinal creep coefficient 10 MN 
f22 lateral creep coefficient 10 MN 
I wheelset yaw inertia 700 kgm 
4 wheel rotational inertia 100 kgm2 
ro nominal wheel radius 0.5 m 
R curve radius 100 m 
Table 3.1 Parameters for a single wheelset 
Speed v (m/s) Mode 1(Kinematic) Mode 2 
10 1.01Hz, -0.39% 255.2Hz, 99.99% 
20 2.01Hz, -1.58% 127.7Hz, 99.98% 
30 3.01Hz, -3.53% 85.2 Hz, 99.94% 
Table 3.2 Dynamic modes for unconstrained conventional wheelset 
When external force and/or torque are applied to the wheelset, the equations of 
motion then become: 
F2 2. f22y+2. f22vf 
+ y+v g6 
my mmR 
(3.21) 
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2fill, 2f ll2 0 
To, 2.6112 
Ir0 
(Y-Y)- 
Iv 
vI+ 
IR 
(3.22) 
where Fy and Tv are the lateral force and yaw torque applied to the wheelset 
respectively (e. g. via spring connections, active control, etc. ). 
For a straight track, they become: 
Y=- 
00 
__ 
2f22 
y+2. 
f22 
vf+ 
Fr 
(3.23) 
my in in 
.. 2fi1lA 2fiil2 Tw 
v=- 
Ir 
(Y - Yýý - Iv 
Yi+ I (3.24) 
0 
The external force/torque applied (e. g. via the use of lateral/yaw stiffness) may be 
used to stabilise the wheelset and Figure 3.6 shows a three-dimensional graph of 
damping at the wheelset kinematic frequency, where the lateral stiffness varies from 0 
6.4 MN/m and the yaw stiffness varies form 0-3.6 MNm/rad. The figure shows 
very clearly how lateral and/or yaw stiffness can be used to increase the damping in 
the kinematic mode, i. e. to provide stability. 
Figure 3.7 plots the lateral displacement of a constrained conventional wheelset in 
response to a small 5mm lateral step change in the track after 5 seconds with a vehicle 
speed of 13.3 m/s, where the response of the unconstrained wheelset to the same input 
is also given for a comparison. A lateral stiffness of 6.4 MN/rn and a 12.8 MNs/rad 
damper in series have been used here. This formulation is used because the damper 
provides "yaw relaxation" and does not generate a lateral force on the constant curve. 
Therefore it will not affect the angle of attack and the natural curving. 
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Figure 3.7: Step response for conventional wheelset 
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Figure 3.8 is the response of both the constrained and unconstrained wheelsets for a 
typical railway curve specified in Figure 3.2. Notice the lateral displacement on the 
steady curve, which is necessary to create the difference in rolling radii by which 
curving action is achieved. A relatively low speed of 13.3 m/s (which will give 4° of 
cant deficiency) is used in both cases. 
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Figure 3.8: Wheelset response on curved track 
The wheel-rail deflection shown in the Figure 3.8 is larger than what it would he in 
practical. This is because the linear model with coned wheels his been used to prove 
the principle. No-linear wheel and rail profiles will also he addressed later in the 
study. 
3.2.2 Control System Analysis 
The characteristics of a railway wheelset are largely determined by the creep forces at 
the wheel/rail contact point combined with the coning of the wheels as explained in 
the previous section. Without the coning, i. e. it purely cylindrical profile on the wheel 
28 
to 
Chapter 3: Single il'heelset modelling & control system analysis 
treads, there is no natural steering action, but when coning is provided the 
"mechanical feedback" provided by the conicity creates instability. This is overcome 
on conventional railway vehicles using springs connected from the wheelset to the 
bogie or between wheelsets within a bogie. The problem is that these stabilising 
springs interfere with the natural steering action, and a great number of mechanical 
configurations have been used to try and obtain the best compromise between stability 
and curving. A control-orientated approach is studied in this section to present extra 
insights into the instability of a conventional solid-axle wheelset. 
It is possible to represent equations (3.23) and (3.24) from a control engineer's 
viewpoint using a block diagram, as shown in Figure 3.9, where the track inputs have 
been ignored for the control system analysis. This indicates clearly the interaction 
between the lateral and yaw degrees of freedom. Although the previous section has 
given results with Fy, and T,, generated by passive spring connections, it is equally 
possible to provide active control via either or both of the two inputs. 
Figure 3.9: Block diagram representation of wheelset equations 
The diagram can be re-drawn with the two equations represented in a cascaded 
arrangement, as shown by Figure 3.10. The "input" has been indicated its the lateral 
force F, because the ideal is to provide stahility mainly through a lateral control force 
to avoid compromising curving performance, although the use of a yaw torque is also 
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possible [Mei - 2000b]. The immediate "feedback" terms around the lateral and yaw 
integrations seen in Figure 3.9 have been converted into first order blocks, and now 
the main "mechanical feedback" loop via conicity and longitudinal creep can clearly 
be seen - the yaw angle variable has been shown as negative so that the feedback also 
becomes negative. 
T, i1 
F, dy/dt 
2f22 + MI's 
Fs 
21 ýi 1)Jro - 
4 
1' c1W/cit 
W 
2fl' + II's 
1/ý 
2 f'22 
Figure 3.10: Re-drawn block diagram 
Consideration of the two first order blocks shows that their break frequencies are 
2f»/mv and 2fºil2/Iv for the lateral and yaw blocks respectively, and using typical 
values given in Table 3.1 at a speed of 13.3m/s these both occur at around 190 Hz. A 
good approximation is therefore to neglect the poles associated with each of these first 
order blocks, because it will be seen that the dominant loop frequencies are typically 
only a few Hz, leading to the simplified diagram given in Figure 3.11. 
F 
1, y -111 
ý 12 
2 1'>, 
Figure 3.11: Simplified wheelset diagram 
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This diagram now readily reveals the reason for the undamped oscillation experienced 
with an unconstrained wheelset at low speed, because there are two integrators each 
contributing 90° of phase lag within a negative feedback loop. The open loop 
frequency response could be plotted on one of the diagrams used to assess control 
system stability (e. g. Bode, Nyquist, etc. ), but the situation can also be assessed by 
inspection of the "open loop" transfer function, which is given by 
_v2 
fl, IA v v22 
rolsz 
F(S) 
2fzzs " ro " 2. fiil zs 
. 2122 = (3.25) 
N. B. It is worth noting that this simplified "loop transfer function" is independent of 
the wheelset mass, the wheelset inertia and the creep coefficients, with a dependence 
only upon the geometric parameters and vehicle speed - this justifies the use of the 
word "kinematic" to describe the motion. 
At a frequency of v22 / rol there is unity loop gain with 1800 of phase lag. The 
oscillatory frequency is therefore proportional to vehicle speed, e. g. a value of about 5 
Hz when the speed is 50 m/s, a typical value for a modem high speed vehicle. Of 
course, the small additional phase lag associated with the two first order blocks which 
have been neglected will in fact result in an instability, rather than just an oscillatory 
response, and this is what is seen both in the eigenvalues in Table 3.2 and the step 
response shown in Figure 3.7. 
Exact Approximate 
Speed v (m/s) Freq (Hz) Damping factor Freq (Hz) 
10 1.007 -0.39% 1.007 
20 2.012 -1.58% 2.013 
50 4.964 -9.55% 5.033 
Table 3.3: Comparison of exact and approximated kinematic modes - 
conventional wheelset 
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A comparison of the exact and approximate kinematic characteristics at different 
speeds is given in Table 3.3, in which the exact values are for those for the kinematic 
modes which arise from equations 3.23 and 3.24. It can be seen that the frequencies 
correspond extremely well, which confirms the approximations made, and the small 
negative damping values from the exact analysis quantify the effects which have been 
neglected in the approximate analysis. 
It is also clear from this diagram that lateral and/or yaw stiffness will provide 
stability, as indicated by Ky and Kw on Figure 3.12. Their effect is to convert the 
integrators into first order terms, each of which then has a phase lag of less than 900. 
It can also be readily shown that the addition of damping, which normally would be 
expected to provide a stabilising effect, will only affect the high frequency modes, 
therefore having no significant effect upon kinematic stability. A typical lateral 
stiffness would be 6.3 MN/m to give 26.5° of phase lead within the loop at 5 Hz, 
thereby giving a damping of perhaps 25%. The corresponding value for the yaw 
stiffness works out to be 3.5 MNm/rad. (Interestingly, both these values are 
independent of vehicle speed. ) 
Figure 3.12: Simplified wheelset diagram - with passive and active stabilisation 
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Alternatively, a control engineer's approach might be to add a derivative term into the 
control loop, most straightforwardly accomplished by adding a lateral force 
proportional to yaw velocity, shown dotted on Figure 3.12. Another option is to add a 
yaw torque proportional to lateral velocity. Neither of these approaches can readily be 
achieved by passive means, but are possible with active control. 
In fact the mechanical stabilisation by lateral or yaw stiffness which was simulated 
earlier is not in practice possible because this requires connection to an absolute 
datum, so it is necessary to consider a secondary mass (e. g. a bogie frame or the 
vehicle body). The modified scheme with a lateral spring and damper (KL and CL) 
from the wheelset to a secondary mass M is illustrated in Figure 3.13. (A yaw 
connection is also possible, but as stated earlier the ideal is to stabilise through some 
form of lateral force only so as to avoid compromising curving performance. ) 
Figure 3.13: Simplified diagram with secondary mass 
There is now a fundamental problem: although in principle a stiffness can be added to 
an inertial reference such as a secondary mass, it is clear that this will only be 
effective at stabilising the wheelset if the secondary mass is effectively decoupled at 
the wheelset kinematic frequency, i. e. the secondary lateral frequency is significantly 
lower than the kinematic frequency. Choosing a typical secondary suspension 
frequency of 1Hz with a (half) body mass of 10 tonnes results in a lateral stiffness of 
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around 0.5 MN/m, an order of magnitude smaller than the value calculated in the 
previous section, and therefore no use for stabilisation purposes: only an 
impracticably large mass would result in a high enough frequency, and it is now well 
accepted by railway dynamists that yaw stiffness, either from wheelset to wheelset or 
from wheelset to body, is necessary to achieve stability - but this deteriorates the 
curving. 
It is therefore interesting to consider the "control engineer's approach" mentioned 
previously, i. e. to add phase lead by means of a lateral force proportional to yaw 
velocity. Using the criterion of providing 25% damping at a speed of 50 m/s requires 
a damping constant CS of around 316 kN per rads"1. This value can be compared with 
the corresponding quasi-static curving force on a 10 tonne secondary mass, i. e. 
Mv2/R, where R is the curve radius. This can be written as Mvcw, where w=v/R is the 
angular velocity about a vertical axis due to curving, and therefore in a quasi-static 
sense the same is dNf/dt. It is therefore fairly straightforward to evaluate the curving 
force as 104x50xdyl/dt, i. e. 500kN per rads'1 of yaw velocity. In other words the 
stabilising force is rather less than the quasi-static curving force. 
This method would result in a lateral force also being imposed upon the secondary 
mass in response to wheelset yaw, and a full dynamic analysis assessing straight line 
performance is necessary to clarify the effect of this stabilising force on the secondary 
mass. 
3.3 Independently Rotating Wheels 
The use of wheelsets having independently-rotating wheels has been of interest to 
railway engineers for many years [Frederick - 1988] [Eickhoff - 1989] [Eickhoff - 
1991] [Dukkipati - 1993]. The natural steering action of the wheelset is lost which 
means that some sort of steering action is necessary to keep the wheelset 
appropriately aligned on a curve. Also it is usually stated that the kinematic 
instability disappears, but this section will show that this is in fact not the case, 
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although the instability is without doubt much easier to overcome than with a solid- 
axle wheelset. 
3.3.1 Modellinq 
Figure 3.14 gives the structure of a wheelset with independently-rotating wheels 
(IRW), where each wheel experiences independent rotation. When the two wheels of 
a wheelset are allowed to rotate independently, a rolling radius difference no longer 
generates a torque and the self-centring effect is absent. In most senses independently- 
rotating wheels are dynamically similar to a conventional wheelset, the exception 
being in the ability for the two wheels to rotate at different speeds. Hence the 
important difference compared with a solid axle wheelset is in the calculation of the 
relative speed of wheel rotation. Not only does the relative speed contribute to the 
longitudinal creepages, but also it is the longitudinal creep forces which create the 
relative rotation between the wheels. 
Figure 3.14: Independently Rotating Wheels (IRW) 
There is an indeterminacy with [RW, because on a steady curve the wheclset can 
either run without a lateral offset but with relative rotation of the wheels, or with no 
relative rotation and the same lateral offset seen by a conventional solid-axle 
wheelset, or any combination between the two cases. The steady-state curving 
condition can only be resolved by dynamic simulation, and in practice on a curve this 
wheelset will often continue to run in a straight line and only flange contact will force 
it round the curve. 
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In order to allow for the rotation of the independent wheels without also representing 
the longitudinal motion (which in any case can reasonably be assumed to have a 
constant speed), an extra state d4/dt is introduced which represents the differential 
angular velocity of rotation between the two wheels and is defined as d4/dt = (d4R/dt - 
d4i/dt)/2, such that the angular velocities ex and c0R of the left and right wheels are 
given by: 
oX= v/ro + d4R/dt aR = v/ro + dO1/dt (3.26) 
The longitudinal and lateral creepages for the left and right independently rotating 
wheels can be represented in equations (3.27) to (3.30). 
Left IRW wheel: 
l"A ro "l IlL = v-V+ -Y- v OL -R (3.27) 
0 
. 
Y2L =y -Y/ (3.28) 
v 
Right IRW wheel: 
l" A ro "l YIR =-vV Y- 
v R+R 
(3.29) 
0 
72R =y-V (3.30) 
v 
The equations of motion for the IRW model are very similar to the conventional solid- 
axle wheelset model apart from the introducing of the extra state, and can be 
represented by the lateral, yaw and rotation equations: 
Fz y 2fi2 y+ 2fn 
Y( +y+v S6 (3.31) 
my mm Ro 
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.. 2. fiiIA 2fii12 0_2. fiilr00+: 
-L+ 
" T2f ill tV =_ Ir 
(Y - Yr) - Iv Iv 1 IR 
(3.32) 
00 
2 
.. f112 ) 
fiilro V_ 
. 
fiiro 
+ . 
fiIlro 
(3.33) 0=-I (Y-Y`-Iv 
Iv IR mmm ýo 
where Fy and T,, are the lateral force and yaw torque applied to the wheels 
respectively, and O is the difference of the variation of rotating angular velocity 
between right and left wheels and is defined as: 
.. 
OR-OL 
2 
0.04 
E 
CL 0.02 An 
0 
_n n2 
(3.34) 
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Figure 3.15: Comparison of responses of unconstrained & constrained IRW on 
curved track 
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There is still an instability associated with the unconstrained IRW which can be 
stabilised by using a yaw damping (to be explained in section 3.3.2) as shown in 
Figure 3.15. Figures 3.15 plots the wheel/rail lateral displacement, angle of attack and 
relative speed of wheel rotation of the constrained independently rotating wheels (a 2 
kNm/rads"1 yaw damping has been used here, the reason for using this will be 
explained in next section) on curved track, where the responses for an unconstrained 
IRW are also given for a comparison. 
3.3.2 Control system analysis 
As explained in the previous section, an extra state - the relative speed of the wheel 
rotation - has been introduced in the calculation of independently rotating wheels 
compared with conventional solid-axle wheelset in the section 3.2.1. 
The rate of change of this extra variable is caused by the longitudinal creep forces; 
also the relative angular velocity itself contributes to the longitudinal creep, meaning 
that equation (3.24) for yaw acceleration of conventional solid-axle wheelset is 
modified to include an extra term. 
y/=.......... 
2f, 10 (3.35) 
w 
and the additional equation for the new variable is: 
z "" f ýi f' lr fr" ý_- Iy- 1v v-1vý (3.36) 
I0 mm 
in which the only additional parameter is the wheel rotational inertia I. (As before, 
the track inputs have been ignored for the control system analysis. ) 
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The corresponding extra portion to be added to the block diagram model (Figure 3.9) 
is given in Figure 3.16, in which Tý is the yaw torque due to the extra creep which is 
induced by the relative rotation of the wheels. 
,ý 
di 
Figure 3.16: Block diagram of additional terms for wheelset with independent 
rotating wheels 
The "feedback" term around the integration whose output is di/dt can be re-expressed 
as: 
fil 
si0 v 
f, 1 ro 
2 roe l+szm 1+-- 
s10 v 
where 'r = I, v/fi lro2 (typically a small value = 1-2 ms). 
(3.37) 
(Note that approximating 'rý 
to zero cannot be done at this stage - the approximation has to be carried out in the 
context of the complete block diagram. ) 
The contribution to To from y can hence be derived as 2fliXl/(ro(1 + s'rO)) and the 
contribution from dyf/dt as 2f1112/(v(1 + si@)). 
It is therefore possible to add two extra blocks to the basic block diagram of Figure 
3.9, as shown in bold in Figure 3.17. 
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Y 
Figure 3.17: Block diagram representation of' %vhceIsct equations for Independent 
rotating wheels 
The first term acts in parallel with the 2f, iXl IrO term, the net effect of the two being 
2fi 1 At sz' 2f, 
At 
STO 
rO I+ ST0 Y, 
(3.38) 
The second acts in parallel with the 2f11/2/v term, giving a combined effect of 
2, / l2 szo 
v l+szo 
(3.39) 
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which when combined as a feedback around the wheelset yaw integration block 1/I,, s 
gives: 
L'(I+STO 
s[(IV + 2. tl112r, )+SIwVT01 
1' 
s(Iwv+2 fýý1ýz0) 
(3.40) 
The approximations given with both expressions (equations 3.38 and 3.40) arise 
because the small value of Tip leads to small higher order denominator terms which 
can be neglected (the first order and second order terms respectively), and it is 
possible to develop an equivalent version of Figure 3.11 as an approximated block 
diagram (see Figure 3.18). 
r---- I 
21) 
SV 
+2 t's ru 
2 f, 
Figure 3.18: Simplified diagram for wheelset with independent wheels 
It is now relatively strai-ghtforward to derive an "open loop" transfer function: 
S 
ZY, Y Iw S 
1+ - 21 w 
(3.41) 
The s term on the numerator has not been cancelled with one on the denominator 
because this shows the indeterminacy of the response which arises through the 
independent rotation of the wheels, e. g. it is possible to run centrally on straight track 
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with no speed difference between the wheels, or with a lateral offset and a non-zero 
relative speed. 
Notwithstanding this, the equation still shows a kinematic effect, in which the 
frequency is the conventional wheelset kinematic frequency times a constant which 
depends upon the ratio of the yaw and rotational inertias, and it can be obtained that 
the kinematic frequency f with independently rotating wheels is given by the 
following expression, where ff is the frequency for a conventional solid-axle wheelset: 
fi=fý 
2 
1+ °w 
12 2I0 
(3.42) 
Normally of course any expression involving inertias or masses would not be 
considered to represent a kinematic effect, but in practice the ratio between the two 
inertias is essentially a geometric property. For example, if all the mass of the 
wheelset is contained at the wheel rim then it works out that 10 = mr 212 and I,, = m12, 
i. e. the factor r 2I, ß/(21210) is 1, irrespective of the actual inertia value, confirming that 
this is indeed a kinematic effect. Using typical values for wheelset yaw and rotational 
inertias gives f, " = 0.63fß. 
Exact Approximate 
Speed v (m/s) Freq (Hz) Damping factor Freq (Hz) 
10 0.63 -0.17% 0.63 
20 1.259 -0.69% 1.268 
50 3.139 -4.26% 3.17 
Table 3.4: Comparison of exact and approximated kinematic modes 
- independently rotating wheels 
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Confirmation of this analysis is given in Table 3.4, in which the actual frequencies 
and damping from an eigenvalue analysis from equations 3.31,3.32 and 3.33 are 
compared with the values calculated from equation 3.42 over a range of vehicle 
speeds. 
It is also interesting to use the insight provided by the model to consider what might 
stabilise this mode. One thing which will not work is damping between the wheels - 
this simply reduces the value of i4,. Stiffness in the lateral direction will have a 
similar effect to that for a conventional wheelset, and hence will suffer from the same 
disadvantages identified in Section 3.2.2. However stabilisation using yaw restraint is 
this time provided by damping rather than stiffness as shown dotted on Figure 3.18, 
which is significant because this will not affect steady-state curving. Of course some 
form of (control) action is required to provide steering, but the important thing is that 
the restraint required to stabilise the wheelset is not in conflict with the provision of 
curving, unlike the situation which exists with the conventional wheelset. 
3.4 Summary 
A linearised conventional solid-axle wheelset dynamic model has been developed and 
the fundamental stability problem is studied based upon control system stability 
analysis. The simulation result confirms the current practice to use yaw/lateral 
stiffness for stabilising the wheelset. However, more importantly, the study has 
identified active control possibilities for stabilising a conventional solid-axle wheelset 
without affecting curving. 
Similar work has also been done for independently-rotating wheels. The analysis of 
an unconstrained wheelset with independently rotating wheels has yielded an 
interesting result, i. e. that there is a kinematic oscillation, occurring as a consequence 
of the dynamic coupling via inertial effects. The study has shown that the instability 
associated with the unconstrained IRW can be solved by adding a yaw damping. 
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CHAPTER 4 
KALMAN FILTER ESTIMATION FOR SINGLE 
WHEELSET 
This chapter presents the development of Kalman filters for the state estimation of 
solid-axle and independently-rotating wheelsets. It firstly gives an overview of the 
operation of the Kalman filter algorithms. This is followed by the design of a Kalman- 
Bucy filter. The performance of the state estimator with different track inputs is 
analysed and its drawbacks highlighted. The Kalman-Bucy filter is then reformulated 
to enable accurate estimation of the wheelset states with both random and 
deterministic track inputs. 
Because the dynamic properties of the railway wheelset are much more complex than 
those of the vehicle body/bogies and more difficult to deal with, this chapter is aimed 
at studying state estimators for a single wheelset only. The development of a more 
complete vehicle will follow in individual case studies. 
4.1 Principle of Kalman Filter 
Kalman filtering is an optimal state estimation process applied to a dynamic system 
that involves random perturbations. More precisely, the Kalman filter gives a linear, 
unbiased, and minimum error variance recursive algorithm to optimally estimate the 
unknown state of a dynamic system from noisy data taken at discrete real-time 
intervals [Chui - 1987] [Grewal -1993]. 
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The Kalman filter is formulated using the state-space approach, in which a dynamical 
system is described by a set of variables - the states. The states contain all the 
necessary information about the behaviour of the system such that, given the present 
and future values of the input, the current and future state and output of the system 
may be calculated in mathematical terms. 
The application of Kalman filter theory results in a set of difference equations, the 
solution of which can be computed recursively. In particular, each current estimate 
can be computed from the old estimate and new input data; hence only the most 
recent estimate needs to be stored. In addition to eliminating the need for storing the 
entire past observed data, the Kalman filter is more efficient than computing the 
estimates from the entire past observed data at each step. The Kalman filter is thus 
ideally suited for implementation on a digital computer. It has also been widely used 
in many areas of industrial and military applications such as video and laser tracking 
systems, satellite navigation, ballistic missile trajectory estimation, radar, and fire 
control. With the development of high-speed microprocessors and digital signal 
processors (DSP), the Kalman filter has become more useful even for very 
complicated real-time applications. For the continuous-time analysis, a similar form 
known as the Kalman-Bucy filter can be used [Chui -1987]. 
4.2 State Estimation for a Single Conventional Solid-axle Wheelset 
It is important to recognise that there are two types of track inputs as discussed in the 
previous chapter: the deterministic input associated with curves which have well 
defined characteristics (as shown in Figure 3.1), and random input representing the 
track irregularities. It is essential that any estimation technique is effective for both 
types of input. Since the Kalman filter is principally a stochastic device, the approach 
is to develop the filter using the random track input and then to determine how it 
works for the deterministic input. 
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4.2.1 Development of Kalman-Bucy Filter 
Figure 4.1 shows a plan view diagram of a constrained conventional solid-axle 
wheelset, consisting of a single wheelset and a lateral spring (ky) and damper (by) in 
series connected to an absolute reference to stabilise the wheelset. Stabilisation using 
a lateral stiffness is included so that it does not affect the natural curving action, and a 
damper is added provide relaxation of the spring effect at low frequencies. The 
stabilisation is necessary to enable the development of Kalman filter, although the 
actual stabilisation method is not a critical issue in this study. 
Figure 4.1: Plan view diagram of a constrained conventional solid-axle wheelset 
The equations of motion for this model running along both curved and random tracks 
are given in equations (4.1) - (4.4): 
F. 0.2 2f, ß v +++ _o 
y 
(4.1) 
my nt nr R 
2f, M ?. f. ßl2 ' 2f, 112 t//+ 0-y')- (4.2) Ir IR Jr 0 
F, = 2k,. v1 - y) (4.3) 
k,, (y1 - Y) = -b ti, (4.4) 
where yt is the random track input, and y, is the suspension displacement between the 
spring and damper. 
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It is clearly indicated in the equations that the variables of the wheelset model are 
highly interactive and form a complex MIMO system. For the purpose of system 
analysis, it may be desirable to derive a state-space representation from the equations 
above: 
X= AX + Gw (4.5) 
Y= CX + Hw (4.6) 
Thus the state-spice equation of the whcelset model is: 
-- - 
y na in 
10000 
y v -, ý 
0 
000 
I 
2. fl11) 2. f 1' 
0 00 + 
21ýý! 2 2. j 1A 
0 
h / lr 
00l00 
kk 
000 
YI 000- 
b, b, 
y1 000 
(4.7) 
where the input signals are the curvature (I/R) and cant angle (0) for the deterministic 
track and the random track lateral displacement (y, ). 
Since the relative displacement between the wheelset and the track (y-y, ) is one of the 
primary feedback variables for active steering and the random track lateral velocity 
( y, ) is more close to the Gaussian white noise, equation (4.7) can he rewritten in 
equation (4.8) to have (y-yt) to replace y, to include y, as one of the states, und also to 
use y, as the track disturbance input. 
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The output equation given in equation (4.9) is configured to represent the 
measurements. In this case the outputs are the wheelset lateral acceleration and yaw 
velocity, which are chosen because these parameters can be cheaply and easily 
measured by accelerometer and yaw gyro in practice. 
Y 
Y-Yt 
2122 
_ 
2kr 
p 
2122 2kv 
_ 
Zkr 
+ vz -g 
pR 
Y= my mmmmp00B 
tp 001000 tp yr 
z, 
Yt 
(4.9) 
A Kalman-Bucy Filter is derived from the equations (4.8) and (4.9) and Figure 4.2 
gives the block diagram of this scheme. 
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wheelset Dynamics 
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Kalman-Bucy Filter 
Qk AA 
AA gain matrix V' Y 
W' Y-y` System 
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Figure 4.2: Kalman-Bucy filter estimation 
A, G, C, H are the conventional solid-axle wheelset state-space model matrices as 
given in equations (4.8) and (4.9), K is the Kalman-Bucy filter gain matrix which is 
fixed and designed off-line. In MATLABTM, this can be obtained by using the 
function LQE to produce the stationary gain matrix K, with which the filter will 
return the optimal estimate of the state X. Qk is the covariance of the disturbance 
caused by random track. Measurement noise vl and v2 for the two sensors are treated 
as white noises and their covariances are expressed as: 
E[v1vi ]= R1 (4.10) 
E[v2v? ]= R2 (4.11) 
E[wvI ]= E[wv2l =0 (4.12) 
E[v1]=E[v2)=0 (4.13) 
where the values of R1 and R2 are constant, and all measurement noises are set to 2% 
of their maximum values, which is determined by taking 3 times their true r. m. s. value 
on the straight track with irregularities, plus the peak value of their responses on the 
pure curved track. 
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Equations (4.14) and (4.15) give the state-space and output equations of the Kalman- 
Bucy filter, Xe and Ye are the state and output estimates respectively, Ak and Ck are 
Kalman-Bucy filter model state-space and output matrices, where Ak=A and Ck=C 
when the plant and filter model are perfectly matched. (A different symbol has been 
used to allow robustness analysis at a later stage - see Section 4.2.2. ) 
A 
Xe = Ak X, +K(Ym -Y, ) 
Ye=CkXe 
(4.14) 
(4.15) 
where 
ý 
Xe =YY- Yt ýiY, Yr 
C 00 ST 
lc = LY J 
Y. is derived from the wheelset output equation (4.9), but it is modified to include the 
track (the reference axis for the modelling) movements: 
Y 
Y-Yt 1 
2. f22 2k' 2f22 2ky 2kr 000R10v Ym 0 -- ý+8+1 
Ym my in mmm -v 00o1v 
Y, z Ym 001000v 
z, 
Yr 
(4.16) 
Figures 4.3 shows the estimated wheel-rail lateral displacement and estimation error 
for the Kalman-Bucy filter where Qk is set to the covariance of actual random track 
lateral velocity Q. Clearly the Kalman filter estimates the wheel-rail lateral deflection 
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very well and the small error is mainly due to the measurement noise, and reducing 
the sensor noises will obviously improve the accuracy of the filter. 
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Figure 4.3 Estimated wheel-rail lateral displacement & estimation error 
Figure 4.4 gives the estimation of the angle of attack and the estimation error. The 
estimation errors are quite low, but there is a noticeable low frequency component of 
the estimation error. 
The simulations have also been performed by varying Qk (downwards and upwards), 
and naturally the results show that the Kalman-Busy filter gives the best estimation 
only when Qk=Q as given in Figures 4.3 and 4.4. 
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Figure 4.4 Estimated angle of attack & estimation error 
Other sensing and modelling options such as listed below give very similar results and 
no further improvement is achieved. 
wheel lateral velocity and yaw velocity as two measurements 
" simplified form from Chapter 3 (reduced order for both lateral and yaw) in the 
KBF model and using wheel lateral velocity and yaw velocity as measurements 
" simplified form from Chapter 3 (reduced order for hoth lateral and yaw) in the 
KBF model and using wheel lateral yaw velocity and roll velocity as 
measurements 
" only reducing yaw order and using wheel lateral acceleration and yaw velocity as 
measurements 
Despite the good results for random track input, it is not possible to obtain a good 
estimation with curved track input, and Figure 4.5 shows the results where Qk is tuned 
to achieve the best estimation. 
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Figure 4.5 True, estimated wheel-rail lateral displacement and estimation error on 
curved track (R=100m) 
The problem with the design above is that some of the track inputs such as curve 
radius and cant angle are intended track features and they cannot be simply treated as 
disturbances. In addition all the wheelset variables in the model are related to a local 
axis system which moves along the track with the vehicle, and these track features are 
not known by the model incorporated in the Kalman-ßucy filter. The solution 
developed in this study is to reformulate the Kalman-Bucy filter model to include the 
curve radius and cant angle as two extra states. The re-formulated Kalman-Bucy filter 
state-space and output equations are given in equations (4.17) and (4.18). 
XLf =Ah, Xhf+K,, (Y,, -Y41) (4.17) 
Yý, = Ck/ X 
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where: 
X, =[; Y-Yt 
A G(:, 1) 
Akf =0 0)f , 
00 
0T 
yf yr yl yr 1/R 0] 
G(:, 2)- 
0 Ckf = [Cm H. (:, 1: 2)] 
Wf2 
In the equations, qj and a for the track variables in the matrix Akf should ideally be 
set to zero for the pure integrators, but small time constants are used to enable a 
solution of the filter gain. The covariance matrix for the track noises Qkf equals to 
diag[Q Q., Q2], where Q., and Q2 represent the variances of (1/R) and (b). 
Despite the reformulation of the Kalman-Bucy filter, tuning still involves a 
compromise between the performance on straight and curved tracks and this was 
quantified by using a trade-off curve showing the error under the two conditions with 
variances Qi and Q2 varied. 
Figures 4.6 and 4.7 plot the trade-off curves for lateral wheel-rail displacement and 
angle of attack between the maximum estimation error on pure deterministic track and 
the r. m. s. estimation error on the random track, where Q1= 2x10"7,2x10"6 and 2x10"5, 
and Q2 is varied from 2x10"6 to 2, and Q is set to the covariance value of irregularities 
of the track lateral velocity. 
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It is clear from these two figures that it is not possible to reduce both errors 
simultaneously and a compromise must be made. The problem can be eased by using 
an additional sensor measuring roll velocity of the wheelset, and Figure 4.8 gives the 
block diagram of this 3-sensor scheme. 
it' 
track input 
Wheel lateral acc. AGCH 
Conventional Solid-axle Y "k' velocity Y 
Wheelset Dynamics Roll velocity 
Mcasurrmcnt 
Sensors noises: R,, R,, R, 
711, I'(. ) 
K 
nA 
4f, y- System Y, I, 0 
model 
................... .................................. ................................... Reformulated Kalman-Bucy filter 
Figure 4.8 Three-sensor reformulated Kalman-Bucy filter estimation 
By varying the Q, and Q2 in covariance matrix CAI, trade-off curves can also he 
obtained. Figure 4.9 compares trade-off curves of' the lateral wheel-rail displacement 
between the two-sensor and three-sensor KBF estimations, where 2x107, Q, is 
varied from 2x10-`' to 2, and Q is set to the covariance value of' irregularities of the 
track lateral velocity. It shows that, with the three-sensor Kalman-Bucy filter 
estimation scheme, a much better estimation for wheel-rail lateral displacement on 
both random and curved tracks may be achieved. Figure 4.10 plots the comparison of 
the trade-off curves of angle of attack, from which it can he seen that an even more 
significant reduction in the estimation errors for the angle of attack can be obtained 
with the addition of the third sensor. 
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Obviously the values of Q, and Q2 need to be tuned in the design and the best 
estimation results are obtained at Q1=3.8x10-7 and Q2=2.2x10 s. 
Figures 4.11 - 4.14 give the simulation results of the reformulated Kalman-Bucy 
filter. In Figure 4.11 the estimated lateral wheel-rail displacement on the random track 
input is very close to the true state, and estimation error due to the sensor noise is 
small. In Figure 4.12, the estimated angle of attack on random track presents a low 
frequency error which is similar (but with larger estimation error) to the case with the 
two-sensor Kalman-Bucy filter without the reformulation as given in Figure 4.4. 
However, the three-sensor Kalman-Bucy filter also estimates those track states 
accurately on deterministic track input. The estimation errors on the lateral wheel-rail 
deflection and angle of attack are very low as indicated in Figures 4.13 and 4.14. 
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Because the re-formulated Kalman-Bucy filter includes the curvature and cant as two 
of the KBF states, it enables the estimation of the two track states even though they 
are strictly not part of the vehicle dynamics. In fact, an excellent estimation for the 
two track states is achieved. In Figure 4.15, the estimation error is mainly low 
amplitude noise and a small error is only noticeable on curve transitions. The 
estimation of the cant angle is even more precise with almost no error at all as shown 
in Figure 4.16. The ability to estimate the track features not only enables the accurate 
estimation of the wheelset states on curves, but also it is of great significant for tilting 
trains, which are intended to respond to these deterministic track inputs, and a 
separate study can he found in Chapter 7. 
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4.2.2 Robustness Check 
The railway wheelset is subject to parameter variation especially at the wheel-rail 
contact such as the conicity and creep coefficient. It is therefore important to ensure 
the robustness of the estimation process in terms of the stability and performance. 
Although there are frequency-domain techniques available, the time history 
simulation is one of the methods for examining both stability and performance. 
Figures 4.17 and 4.18 give the estimation errors of wheel-rail lateral displacement and 
angle of attack when the conicity in the physical model changes in the range 
0.15±0.05 and all other parameters keep the same. The simulation results clearly 
indicate that the estimation process is stable, but there is a scaling factor on the lateral 
wheel-rail displacement on curves. This result is inevitable because the Kalman filter 
model is totally reliant on the value of conicity to produce the steady-state lateral 
displacement values. 
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When both lateral and longitudinal creep coefficient are varied from 10 to 5 MN (i. e. 
the "half creep" condition frequently used by vehicle dynamicists for design 
purposes), the estimated lateral wheel-rail displacement remains good except the 
angle of attack has a scaling factor error as shown in Figures 4.19 and 4.20. 
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4.3 State Estimation for a Single Independently-rotating wheelset 
The development of a Kalman filter for the independently-rotating wheelset is very 
similar to that for the solid-axle wheelset. The reformulation involving the extra track 
states is still necessary. In addition to the lateral acceleration and yaw velocity, a third 
measurement is also beneficial although in this case it does not have to be the roll 
velocity of the wheelset, because it will be seen that using the relative angular 
velocity between the two wheels is very effective. 
4.3.1 Kalman-Bucy Filter Model 
Fiýurc 4.2 1 Plan view diagram o1' a whcclsct with inclchenLlcntly-mtýatin, wheels 
Figure 4.21 gives a plan view diagram of the independently-rotating wheelset with .l 
yaw damper for stabilisation as discussed in the Chapter 3. The equations of motion 
for this plan view model can be represented by equations (4.19) - (4.2 l ). 
, 
..?. l, +2v +--g© ntv nr R 
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The state space representation derived from above equations is given as follow: 
X =AX+Gw (4.22) 
where: 
X=v ý' - ý't i Vf w= 1/R 0 
2. f22 
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Figure 4.22 gives the block diagram of the reformulated Kalman-Bucy filter with 
three measurements estimation scheme. The three measurements are wheel lateral 
acceleration, yaw velocity and relative speed of two wheels, and are given in equation 
(4.23), where v1, v2 and v3 are the measurement noise inputs. The covariances of 
measurement noises are specified as R4, R5 and R6. The covariance matrix for the 
track noises Qkt equals to diag[Q Qi Q2J. 
1)ll' 
Y = Will = 
0 
V 
00 
2f'2 
0 
ill 
V- Vt 
0100 
0001 
0 
1 
0 0 0 8 1 0 0 v1 
0 0 © + 0 1 0 V, 
0 0 0 v, 0 0 1 v3 
(4.23) 
The re-formulated Kalman-Bucy filter state-space and output equations are given in 
equations (4.24) and (4.25). 
X LI = 
Aki X ýýr + K,.,. (Y - Y4,1 (4.24) 
Y4, = Ckf X kj (4.25) 
where: 
X 41 =yv-v, t// y/ 01/R0 
A G(:, 1) G(:, 2) 
Ak, = 0 (U/, 0 
002 
2l 
67 
Chapter 4: Kalman Filter Estimation for Single Wheelset 
4.3.2 Simulation Results 
By tuning the values of QI and Q2 in Qkf, the best estimation results are obtained at 
Q1=2x10-5 and Q2=3.6x10-5. The estimated lateral wheel-rail displacement and its 
estimation error on random track input are very similar to the conventional solid-axle 
case as given in Figure 4.23. However the estimation of the angle of attack is 
improved significantly as shown in Figure 4.24 and there is no longer the low 
frequency component on the estimation error which is presented with the solid-axle 
wheelset. 
Figures 4.25 and 4.26 give the estimated lateral wheel-rail displacement, estimated 
angle of attack and their estimation errors on curved track with the same covariance. 
The estimation errors are quite low, and a good estimation on both lateral wheel-rail 
displacement and angle of attack can be obtained. 
Figure 4.27 shows the estimated track curvature (1/R) and estimation error from the 
reformulated Kalman-Bucy filter. A very good estimation is again achieved. A similar 
result is obtained for the cant angle of the track as shown in Figure 4.28. 
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4.3.3 Robustness Check 
The robustness of the estimation process for the independently-rotating wheels is 
checked in the presence of the conicity and the creep coefficient variations. Figure 
4.29 gives the estimation error of lateral wheel-rail displacement on the curved track 
input when the conicity in the physical model changes in the range 0.15±0.05. The 
estimation process is stable, and the estimates of most state variables are little affected 
except the lateral wheel-rail displacement essentially has a scale factor error as before. 
Unlike the conventional solid-axle wheelset, a very accurate estimation on the angle 
of attack is achieved even when the conicity is varied as shown in Figure 4.30. 
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When both lateral and longitudinal creep coefficient are varied from 10 to 5 MN, the 
system is very robust and the estimation en-or on both lateral wheel-rail displacement 
and angle of attack is very low as shown in Figures 4.3 1 and 4.32. 
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4.4 Summary of Achievements 
This chapter has presented the development of model-based Kalman-Bucy filter 
estimators for two railway wheelsets - the conventional solid-axle wheelset and the 
independently-rotating wheels. It has shown that important variables which are likely 
to be required for active steering schemes such as wheel-rail lateral displacement or 
angle of attack can be successfully estimated. The study has demonstrated that with a 
standard Kalman filter it is problematic to provide adequate performance on both 
straight and curved track, but the problem is solved by re-formulating the estimator to 
include two track states - curvature and cant angle, neither of which had been 
anticipated as necessary but which are extremely useful. 
The robustness of the estimation process for both conventional solid-axle wheelset 
and independently-rotating wheels is examined in the presence of the creep 
coefficient and the conicity variations. The simulation results have shown that in 
general the estimates are accurate, except that the lateral wheel-rail displacement 
essentially has a scale factor error when the wheelset conicity varies. 
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CHAPTER 5 
MKII COACH MODELLING, STATE ESTIMATION 
& SENSOR FAULTS ANALYSIS 
The studies in previous chapters have concentrated on estimation techniques for the 
single railway wheelset, which has established the necessary foundation for 
applications of those techniques to actual railway vehicles. This chapter studies the 
extension of the developed Kalman filters to a conventional bogie vehicle and 
demonstrates how the state observers may be applied in practice. To ensure the 
provision of reliable measurement data, also studied in this chapter is a method 
developed to detect and identify the sensor fault. The use of PSD analysis of the 
innovations from the Kalman filter leads to the proposal of a low-pass filter prior to 
r. m. s. calculation which improves the sensitivity of fault detection. 
An important contribution of the fault detection scheme developed is that only a 
single Kalman filter is required, and hence it is much easier to implement. This is in 
contrast with the conventional method where a bank of Kalman filters is necessary 
with each KF dedicated to detect the failure of a single sensor. 
The vehicle used for the study was the British Rail Mark II coach, now a fairly old 
design but of a very conventional nature. It was chosen partly because of readily 
available data for the suspension parameters, and also because of the existence of a 
track recording car operated by AEA Technology Rail in Derby which might form a 
good vehicle for undertaking experimental validation. 
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5.1 Modelling of a Half MKII Coach 
A comprehensive model of a rail vehicle can be very complex and of high order. 
However some motions are largely decoupled from others and previous studies of 
active steering indicated that only the plan-view model is necessary. Also neglected is 
the yaw motion of the vehicle body, which enables the use of a half vehicle model 
(half of that of the full vehicle). 
Figure 5.1 gives the plan view of half of a conventional bogie vehicle, which consists 
of a half vehicle body, a bogie and two wheelsets. Two rigid-axle wheelsets are 
attached to a rigid bogie-frame by the primary suspension -- lateral stiffness ky and 
longitudinal stiffness kx. Secondary suspension with a lateral stiffness k,,,, and a 
damper c, y in parallel connects the 
bogie-frame to a rigid vehicle body 111M. The 
stiffness k, ry in series with the damper cs, can improve the high frequency isolation 
while retaining the same static deflection [Li - 1997]. 
halt vehicle body 
Figure 5.1 Plan View of half vehicle model 
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The plan view model can be represented by equations (5.1) through to (5.8), where all 
variables are related to the local track references. This enables the large deterministic 
track features to be represented by moving the local axis system, and allowing for the 
effects of the axis movements directly on the associated mass (a standard technique 
for multi-body system modelling). As before the equations are all linearised. 
The equations of motion describing the lateral and yaw degrees of freedom of the 
leading wheelset are given by equations (5.1) and (5.2) respectively. 
z 
M. Y. 1+ 
Zvzz Yi+kyYwl -2f221 -kYYb -kyaVfb =mw -g8 (S. 1) 
22 
IW Vwl+ 22 
fl 
Vwl+kx12VW1 + 
2fo 
, 
'u YWl -kx12Vb =2 Rý 
'l +k) 
Rý 
+ yýj 
2 ýo ýu 
(5.2) 
Similar equations of motion may be expressed for the degrees of freedom of the 
trailing wheelset, as expressed by equations (5.3) and (5.4). 
mW 
Yw2+ 2x22 
YWz+krYw2 -2f22Y 2 -kyyb +kaVia =mw R2 -862 
(5.3) 
L222 f2 
lw ýVw2+ 
2l 
Vw2+kxl2tVWý +2 ýý Yw2 -k: lZý//b =1 -kzl2 
RF2 rýý YýZ (5.4) 
oZzo 
The bogie lateral and yaw degrees of freedom are expressed by equations (5.5) and 
(5.6). 
Z11B, BZJ nYa+2kyYn'kyYWi'kyYWx-v 2 
+2 aS`2 2 (5.5) 
IbVtb+(2aZk, +2ksl2Nfb -kxl2V"l -aky YW1-kxl2w 2 +akyy,,, =-k, l2a 
1-1 (5.6) 
(RI 
R2 
) 
The half vehicle body's lateral degree of freedom is influenced by motion of the bogie 
as shown by equation (5.7). 
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mvd Ybd1-(ksy +ksry)Yb +ký, Yb(n +ksryYsr = nt dv2 +* -mvdg 
ý+Z (5.7) 
The equation of motion for the spring/damper arrangement connecting bogie and 
body in this model is given by equation (5.8). 
" Ysr = Ybdl+ 
kS 
Yb -kS Ysr 
Csy CsY 
(5.8) 
It is clearly indicated in the equations that the variables of the railway vehicle are 
highly interactive and form a complex MIMO system. For the system analysis and 
control design, it may be desirable to derive a state space representation from the 
equation above: 
X=A"X+G"w 
where: 
0 1T 
X=IrY, 
a Yva V. ( K Y2 Y*2 V/2 V/, 2 Ya Yn Yea Vn Yen Ybd Ys, 
w= 11 R, 61 Yr, 11 R2 02 Y12 T 
and matrices A, G can be easily derived from equations (5.1)-(5.8). 
All the values of parameters used in this chapter are given in Table 5.1 
(5.9) 
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Quantity Symbol Value 
Wheelset radius ro 0.455 m 
Conicity x 0.05 
Vehicle forward velocity v 45.3 m/s 
Semi wheel-wheel spacing a 1.3 m 
Half gauge 1 0.717 m 
Wheelset yaw inertia I, 700 kgm2 
Bogie yaw inertia lb 2160 kgm2 
Wheelset mass MW 1250 kg 
Bogie mass mb 2580 kg 
Half of vehicle body mass mbd 13000 kg 
Primary lateral stiffness per wheelset ky 5000 kN/m 
Primary longitudinal stiffness per wheelset k,, 9726 kN/m 
Secondary lateral stiffness per bogie ksy 242 kN/m 
Secondary lateral damper per bogie csy 20 kNs/m 
Secondary lateral end stiffness per bogie ks, y 2420 kN/m 
Table 5.1 Conventional bogie vehicle parameters 
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5.2 Kalman-Bucy Filter Estimation 
5.2.1 Design of Kalman-Bucy Filter 
As explained in Chapter 4 it is necessary to re-formulate the state equation for the 
design of Kalman filter such that w is treated as part of the state vector rather than 
input signals. The re-formulated state equation is given in equation (5.10). In the 
equation, the lateral displacements of the wheelset and bogie (ywl, y,, 2, yb) are replaced 
by their relative lateral deflections to the track, i. e. ywr Yti, yw2- yr2 and yb-(yrl+ yt2)/2 
respectively. Thus the matrices A and G in equation (5.9) are modified accordingly to 
obtain A', Gl and G2 to form Ak, Gk matrices. This is because any controller 
developed for the active steering will be required to control the vehicle to follow the 
track and thus would be very likely to use the relative deflections as part of the 
feedback. a1, wj2, and o for the track variables in the matrix Ak are small time 
constants added to enable a solution of the filter gain, which ideally should be set to 
zero for the pure integrators. The derivatives of the track irregularity are considered as 
white (input) noises in the design. 
A number of measurement options are investigated in the study. It has been found that 
eight sensors (three accelerometers and five gyros) will be sufficient for the 
reformulated Kalman-Bucy filter. The accelerometers are used to measure the lateral 
accelerations of the bogie and the two wheelsets, and three of the five gyros are used 
to measure the yaw velocities of the bogie and the wheelsets. The other two gyros 
measure the roll velocities of the two wheelsets. The output equation for the 
measurements is given in equation (5.11). 
Xk=Ak"Xk+Gkwk 
where: 
(5.10) 
81 
Chapter S: MKII Coach modelling, State Estimation & Sensor Faults Analysis 
Xk 
Y,. 4 
Y4 -Y, 1 
Ywi 
Yrz -Y, 2 
Iw2 
Yb 
Yb-(Y, 1+y12)12 
ib 
Vb 
Y. 
Ybdl 
Y, ST 
Yn 
Y, 2 
1/R, 
4 
1/R2 
BZ 
A 
Ak _ 
G, 
0 diag(COfIIWflIG)j2ICwj3,12, Coj3) 
Ym =Ck"Xk -ý V (5.11) 
Ck can be easily formed using rows 1,4,5,8,9,12,16,18 of Ak. v is a vector 
representing the measurement noise levels of the sensors. 
Equations (5.10) and (5.11) now provide what is needed to design the Kalman-Bucy 
filter. The Kalman-Bucy Filter gain matrix Lk is fixed and designed off-line. In 
MATLABTM, this can be obtained by using the function LQE to produce the 
stationary gain matrix Lk, with which the filter will return the optimal estimate of the 
state Xk. The estimated states may be calculated using equation (5.12). 
Yri 
Yrz 
_ 
1/R, 
6, 
1/R2 
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G2 0 
Gk 
06 I6i 
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A 
Xk =A. Xx+Iý(Y,,, -CC XA) (5.12) 
By tuning the covariance matrix for the track noises Q,; =diag(q,,,,,. k, qt,.,, (-k, q ,.,,,,, y,,,, r, 
q,.,,, -,,, q,.,,,, ), the performance and robustness of 
the Kalman filters can be thoroughly 
studied. q"wk can be readily set to the covariance value of irregularities of' the track 
lateral velocity, however the values of and y,.,,,,, need to be tuned in the design 
. and the best estimation results are obtained at y,.,,,.,, =10 
') and q,.,,,,, =10 9 
Figure 5.2 gives the block diagram of the reformulated Kalman-Bucy filter estimation 
scheme. The input signals to the filter are the measured lateral accelerations of leading 
wheelset, trailing wheelset and the bogie, yaw velocities of the bogie and two 
wheelsets, and roll velocities of leading and trailing wheelsets. 
Track input 
Y 
Vehicle model 
Equations. I-8 
Sensors 
vm 
F- 
[ 
Ilk 
]4 error 
nn 
yrYýi" y'rYýz k 
ý- Kalman Filter 
Wý" WH' 
Figure 5.2 Kalman Filter estimation 
5.2.2 Simulation Results 
To study the response of this reformulated Kalman Filter on different tracks, both 
deterministic and random track inputs are used in the simulation. The deterministic 
track used is a typical high-speed railway curve with a 1000 m curve radius, 6° of cant 
angle and 6° of cant 
deficiency (to reduce the lateral acceleration experienced by the 
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passengers). At a speed of 45.3 m/s this gives a curving acceleration on the vehicle 
body of 1 m/s2. There are two transitions lasting 2 seconds each connecting straight 
track and steady curve. The random track is derived from a filtered white noise 
generator to give an appropriate power spectrum for the lateral deviations of a typical 
mainline. 
Figure 5.3 shows the estimated wheel/rail lateral displacement and the estimation 
error of the leading wheelset on the curved track; a similar result is obtained for the 
trailing wheelset as given in Figure 5.4. Clearly the reformulated Kalman-Bucy filter 
estimates the wheel/rail lateral deflection very well and the small error is mainly due 
to the measurement noise. In the simulation all measurement noises are set to 1% of 
their maximum values, which is determined by taking 3 times their r. m. s. value on the 
straight track with irregularities, plus the peak value of their responses on the pure 
curved track. Reducing the sensor noise will obviously improve the accuracy. 
Figure 5.5 gives the true and estimated angle of attack for the leading wheelset and 
Figure 5.6 shows those for the trailing wheelset. While the Kalman filter gives a good 
estimation of the trailing wheelset, the angle of attack of the leading wheelset is much 
smaller than that of the trailing wheelset (which is caused by the yaw stiffness) and 
consequently the effect of the sensor noise on the estimate is more apparent. 
Figure 5.7 shows the track curvature (1/R) estimated by the Kalman filter for the 
leading wheelset and the estimation error, and Figure 5.8 gives these for the trailing 
wheelset. A very close match is achieved, even though the track deterministic features 
are strictly not part of the vehicle dynamics. A similar result is obtained for the cant 
angle of the track as shown in Figures 5.9 & 5.10 for leading and trailing wheelsets 
respectively. 
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Figure 5.3 
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Figures 5.11 and 5.12 present the estimated leading and trailing wheel/ ail lateral 
displacement and their estimation errors when the vehicle is travelling on the straight 
track with irregularities. Very accurate estimations are also obtained. 
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Figure 5.11 Estimated wheel/rail lateral displacement & estimation error for 
leading wheelset on random track 
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5.3 Sensor Fault Analysis 
5.3.1 Model Based Method 
The Kalman filter developed in the previous section is to provide estimations of the 
vehicle variables that are required by active steering control. However the active 
steering of railway wheelsets is a safety-critical issue. This is because the active 
steering is required to provide both stabilisation and guidance control for rail vehicles, 
and the loss of control may result in unsafe conditions. 
It is inevitable that faults will occur in components and sub-systems, but the 
engineering problem is to avoid system failures. Fault-tolerance is therefore 
concerned with ensuring that the probability of some combination of these faults 
causing a failure is at a sufficiently low level. Wherever a single fault could cause a 
failure, it is necessary to assess the probability of the occurrence, it this is above the 
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acceptable level defined for the system, then some form of redundancy is necessary. 
On the other hand, the provision of high integrity measurement data is also an 
important aspect towards a fault-tolerant active steering system. 
This section therefore studies fault detection and isolation schemes for the 
measurement sensors used in the Kalman filter. 
5.3.2 Fault Detection Scheme 
The use of the innovations of a Kalman filter (the difference between the sensor 
output and estimated output) is one of the effective techniques for the detection of 
sensor faults [Patton - 1997] [Isermann - 1997]. In an ideal situation where there are 
no sensor faults, the innovations are characterised by white noise and their amplitude 
is low, which are mainly caused by senosr noises. However in abnormal conditions 
(e. g. a sensor fault), some of the innovations may change significantly and therefore 
the analysis of those signals would provide some insight information about how well 
the Kalman filter works and whether there are signs of false measurement. 
A block diagram of the fault detection scheme is given in Figure 5.13. The 
innovations (or residuals) of the Kalman filter are fed through a 2°d order low-pass 
filter, and the filtered innovations are processed by a moving window with the width 
of one second to calculate their r. m. s. values and then fed through the threshold 
detector and the detection logic to identify which sensor has the fault. (The reason for 
including the low-pass filter is given later in the chapter). 
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Figure 5.13 Diagram of fault detection scheme 
Figure 5.14 compares a short sequence of the time history of the innovation of the 
leading accelerometer with no sensor faults with that when the sensor fails at 4 
seconds. The innovation is significantly increased when the sensor fails. To make the 
fault detection and separation easier, a moving time window for r. m. s. calculations is 
used and Figure 5.15 shows calculated r. m. s. innovations for the two conditions after 
the moving window. A length of 1 second is used for the moving r. m. s. window. The 
window length provides a trade-off between the speed of fault detection and the 
number of false alarms. If the length of moving r. m. s. window is too long, it will take 
longer to detect the fault. On the other hand, if it is too short, it will increase the 
probability of a false alarm. One second is chosen since it enables detection within 0.5 
second and provides no false alarms in the simulation cases studied. 
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A 2°d order low-pass filter is used to pre-filter the innovation signals as indicated in 
Figure 5.14. This is because a power spectrum analysis of the innovations show that a 
sensor fault mainly affects low frequency components of the innovations as shown in 
Figure 5.16, which plots the PSD of the innovation on the leading accelerometer with 
and without fault. The PSD on other innovations are very similar. The transfer 
function for the second-order low-pass filter is given in equation (5.13), where O) is 
the cut-off frequency of the low-pass filter, and is set to 10 Hz. Standard Butterworth 
filter characteristics are used. 
LP(s) = 
101 
s+1 
w 
21 l+ S+ 
2s 
WI WI 
Leading accelerometer fault 
No sensor fault 
(E; =0.7) (5.13) 
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Figure 5.17 gives a comparison between the r. m. s. innovations with the 2"" order low- 
pass filter and without the filter, and it shows that by using the low-pass filter the 
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general level of the no-fault r. m. s. is substantially reduced, making it much easier to 
separate fault and no-fault conditions. 
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Figure 5.17 Comparison between with and without low-pass filter 
The study indicates that it is also very efficient to distinguish between different sensor 
faults. Figure 5.18 shows how various faults affect the r. m. s. innovation of leading 
acceleration. A fault of the leading accelerometer itself or a fault of leading yaw gyro 
leads to the largest increase on the innovation level and all other sensor faults give 
much smaller increase. Therefore, by setting the level of the threshold detector to 
around 0.1 for this channel, a fault of the leading accelerometer or the leading yaw 
gyro can he separated from others. 
Fault separation between the accelerometer and the yaw gyro can he achieved via the 
r. m. s. innovation of the bogie accelerometer as shown in Figure 5.19. 
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By studying the fault of each individual sensor and tuning the threshold level, a logic 
sequence is generated to indicate different sensor fault conditions. Table 5.2 is the 
logic table indicating how the various sensor faults affect four of the innovations. 
Leading acc. Trailing acc. Bogie acc. Bogie yaw gyro 
Leading acc. fault 1 0 1 0 
Trailing acc. fault 0 1 1 0 
Bogie acc. fault 0 0 1 0 
Leading yaw gyro fault 1 0 0 1 
Trailing yaw gyro fault 0 1 0 0 
Bogie yaw gyro fault 0 0 0 1 
No sensor fault 0 0 0 0 
Table 5.2 Logic sequences for different sensor fault cases 
Because the r. m. s. amplitude threshold detectors are not activated at exactly the same 
time for a particular fault, it is necessary to introduce a time delay before the fault is 
declared. This is achieved by ensuring that a sensor fault will only be reported once 
the same logic sequence has appeared for N successive samples. 
There is of course a trade-off between the accuracy and the timing of fault detection 
when choosing the value of N. If N is small, it will take less time to report a sensor 
fault, but there is a potential risk of a false alarm. When the N is too high, it will take 
much longer time to report the fault, but with more accuracy. N=100 is used here with 
a sample frequency of 1kHz, and the computer simulation shows that a sensor fault 
can be accurately reported within 0.4 second. 
Figures 5.20 and 5.21 show the actual fault and potential fault alarms on both trailing 
and bogie accelerometers when the trailing accelerometer fault occurs at 4s. In order 
to make the figures more clear, the potential fault has been shifted -0.025 in the 
vertical direction. From the figures it can be seen that before the trailing 
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accelerometer fault is declared there are two potential fault alarms on trailing and 
bogie accelerometers. The use of time delay avoids in this case a false alarm on the 
bogie accelerometer. 
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5.4 Summary 
This chapter has first presented the modelling for a conventional bogie railway 
vehicle and a state observer using a reformulated Kalman Filter. Eight sensors (5 
accelerometers and 3 gyros) are used to estimate a total of 21 state variables. In order 
to ensure that the estimator operates effectively both with the random inputs on 
straight track and when negotiating curves, the Kalman filter has been formulated in 
such a way that it not only estimates the variables related to the vehicle dynamics, but 
also it provides accurate information of the track on which the vehicle is travelling. 
The performance of the reformulated Kalman filter has been evaluated by using 
computer simulation. It has been demonstrated that the reformulated Kalman filter 
gives very good estimations of all the variables (which are needed for active control 
such as wheel/rail lateral displacement and angle of attack) including the track 
features. 
Then an on-line fault detection and isolation scheme has been developed for a fault- 
tolerant sensing system for the conventional bogie vehicle model. With a combination 
of low pass filtering and moving r. m. s. window calculation of innovation signals of 
the Kalman filters, it has been demonstrated that any single sensor fault can be 
quickly and effectively detected and identified. An important feature of this work is 
that only a single Kalman filter has been used, rather than a bank of Kalman filters 
that are more commonly used for the detection of sensor faults. 
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CHAPTER 6 
TWO-AXLE VEHICLE MODELLING, STATE 
ESTIMATION & SENSOR FAULTS ANALYSIS 
This chapter presents the modelling, development of a state observer and an on-line 
sensor fault detection and identification system for a two-axle mechatronic rail 
vehicle with solid-axle wheelsets. A plan view model of the vehicle is first presented, 
then the reformulated Kalman filter which has been developed in Chapter 4 is applied 
to estimate 18 states from 8 inertial measurements. The required measurements are 
the lateral acceleration and yaw velocity of the vehicle body and the same 
measurements plus the roll velocity for the two wheelsets, requiring three 
accelerometers and five gyros. Finally a detection and isolation scheme is developed 
for a fault-tolerant sensing system to detect and identify the sensor fault by using only 
one Kalman filter. The study concentrates upon a sensing system fitted to a passive 
vehicle in order to prove the concept of fault tolerant sensing 
6.1 Mechatronic Rail Vehicle 
Future railway vehicles must be more cost-effective and energy-efficient. This means 
that they must be lighter and mechanically more simple, requiring the use of 
lightweight constructions and new mechanical configurations of running gear which it 
is believed can only be achieved through an extensive use of advanced electronic 
control, embedded within the vehicle system from the earliest stages of the design 
process. 
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In the early days of railways, the vehicles were mechanically very simple. They were, 
essentially, boxes on two sets of wheels. Demands for higher speed and better ride 
quality necessitated evolutionary development over a period of 150 years or more, 
leading to the basic structure of high speed passenger vehicles which we have today - 
four-axled vehicles with two bogies which can run stably at high speeds and go round 
the curves in a reasonable manner, and having soft secondary suspensions to provide 
modern standards of ride quality. It is however clear that these are heavy and 
mechanically complicated, and one of the best ways of achieving lighter, simpler 
vehicles is to go back to the structure of those early vehicles [Goodall - 1999], which 
is the motivation to study a two-axle vehicle in this chapter. 
6.2 Modelling of a Two-Axle Vehicle 
As a common practice used by railway researchers, it plan view of it two-axle vehicle 
which consists of a vehicle body and two solid-axle wheelsets is considered, as shown 
in Figure 6.1. Two rigid-axle wheelsets are attached to the vehicle body by lateral 
stiffness and a damper in parallel and longitudinal stiffness. The plan view model of 
the vehicle can be represented by equations (6.1)-(6.6), where all variables are related 
to the local track references. All symbols and parameters used in this chapter are 
given in Table 6.1. 
1/2 CY 1/2 k 
y, 
1/2 k, 
0 
WhecIset 
I rams/vehiclc bod 
r.; 
Figure 6.1 Plan view of a two-axle vehicle 
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Quantity Symbol Value 
Wheelset radius ro 0.7 m 
Conicity x 0.2 
Vehicle forward speed v 83.3 m/s 
Semi wheel-wheel spacing a 4.5 m 
Half gauge 1 0.7 m 
Wheelset yaw inertia IH 7700 kgm2 
Vehicle yaw inertia I 558800 kgm 
Wheelset mass MW 1250 kg 
Vehicle mass m 30000 kg 
Curve radius R1,2 3500 m 
Cant angle 0 6° 
Lateral stiffness per wheelset ky 511 kN/m 
Longitudinal stiffness per wheelset kX 10204 kNm /rad 
Lateral damper per wheelset Cy 36.667 kNs/m 
Table 6.1 Plan view model parameters 
102 
Chapter 6: Two-Axle Vehicle Modelling, State Estimation & Sensor Faults Analysis 
It is clearly indicated in the equations that the variables of railway vehicle are highly 
interactive and form a complex dynamic system. The state-space representation from 
the equation above is: 
Xv = Av " Xv +Gv "w (6.7) 
The X, vector shown in equation (6.7) is given by equation (6.8). 
Y, 
+. 
ý Y Vv KI YWa YWZ VWZ VWZ Yv Yv K VY (6.8) 
The expanded form of the input vector w is given as follow: 
w=[1/R1 01 Ytl "R2 02 yt2 ]T (6.9) 
Matrix Av and Gv can be easily derived from equations (6.1)-(6.6). 
6.3 Kalman Filter Estimation 
6.3.1 Design of Kalman Filter 
The reformulated Kalman filter which was developed in Chapter 4 is applied to this 
two-axle railway vehicle to estimate not only the vehicle states but also curve radius 
and cant of the railway track on which the vehicle is travelling. The reformulated state 
equation is given in equation (6.10). 
Xkv=Akv"Xk+Gk, "Wkv 
where 
(6.10) 
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As before, the lateral displacement of the leading and trailing wheelsets and vehicle 
body (ywl, Yw2, yv) are replaced by their relative deflections to the track lateral 
displacements, i. e. ywI Yti, yw2-yt2 and yv-(ytl+yt2)/2 respectively. Thus the matrices Av 
and G, in equation (6.7) are modified accordingly to obtain Ar', Gv1 and Gv2 to form 
A,, and G,, matrices. 
Eight sensors (three accelerometers and five gyros) are used for the reformulated 
Kalman filter. The accelerometers are used to measure the lateral accelerations of the 
body and the two wheelsets, and three of the five gyros are used to measure the yaw 
velocities of the vehicle body and the wheelsets respectively. The other two gyros 
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measure the roll velocities of the two wheelsets. The output equation for the 
measurements is given in equation (6.11). 
Ymv = Ckv Xkv 'f' V (6.11) 
where C, , can be easily formed using rows 1,4,5,8,9,12,16,18 of 
Akv, v is a vector 
representing the measurement noise levels of the sensors. 
Equations (6.10) and (6.11) now provide what is needed to design the Kalman filter 
and calculate its gain matrix L,, [Chui - 1987] and the estimated states may be 
calculated using equation (6.12). 
A 
"nA 
Xkv ="kv Xkv+Lkv (Ymv -Ckv 
Xkv) 
(6.12) 
Careful tuning of covariance matrix for the track noises Qk=diag(gtrack, gtrack, gcury, 
qcant, qcurv, qcant) is necessary to ensure a good performance and robustness of the 
Kalman filter. qt rack is set to the covariance value of 
irregularities of the track lateral 
velocity, and the values of gcry and gcant are tuned in the design to be qcu,., =5x10'9 and 
qcant =10"8 to obtain the best estimation results. 
6.3.2 Simulation Results 
To study the responses of the reformulated Kalman filter on different tracks, real track 
data measured from the Göttingen to Hannover line in Germany is used for the 
random track input and a high speed curve with a 3500m curve radius and 6° of cant 
angle is used for the deterministic track input. At a design speed of 83.3 M/s this gives 
a curving acceleration of 1 m/s2. 
Computer simulations show that the Kalman filter gives adequate estimation for all 
state variables. Figures 6.2 and 6.3 show the estimated lateral wheel-rail displacement 
and angle of attack and their estimation errors for the leading wheelset when the two- 
axle vehicle travels on curved track. Figures 6.4 and 6.5 give the estimated wheel/rail 
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lateral displacement and angle of attack and their estimation errors for the leading 
wheelset on real random track with same covariance. Similar results are obtained for 
the trailing wheelset. Clearly the estimation errors are very small, which is mainly due 
to the measurement noise. In this study, all the measurement noise covariances used 
in the simulation are set to be equivalent to 2% of their maximum values. 
Similar to the results from the conventional bogie vehicle studied in the previous 
chapter, the Kalman filter also estimates the track parameters well. Figure 6.6 
confirms a close match between the actual track curvature (1/R) and the curvature 
estimated by the Kalman filter for the leading wheelset, and Figure 6.7 illustrates the 
actual cant angle of the track (0) and its estimation value for the leading wheelset. 
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6.4 Sensor Faults Analysis 
The principle of the fault detection scheme developed in the previous chapter can be 
readily applied to the two-axle vehicle, except of course the vehicle model is 
different. There is not the complexity of the bogie, but a full instead of a half-vehicle 
is represented. Because the vehicle configuration is different from that in the previous 
case and a different track roughness is used, it number of settings and parameters are 
re-tuned in this study. 
The time history of the innovation of the leading accelerometer with no sensor faults, 
and that when the sensor fails at 4 seconds, are shown in Figure 6.8 which clearly 
illustrates the increase of the innovation with the sensor fault. The use of a moving 
time window (a length of I second) for r. m. s. calculations separates the two 
conditions very effectively as demonstrated in Figure 6.9. 
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A comparison of the power spectra of the innovations in the two conditions, as given 
in Figure 6.10, shows that the sensor fault affects only the low frequency components. 
However the frequency range is different from the previous case. In this study, the 
cut-off frequency of the 2"" order low-pass filter is set to 30 Hz. This low pass 
filtering clearly enhances the detectability of the fault detection scheme as illustrated 
in Figure 6.11. 
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The identification of individual sensor faults is clear with this vehicle configuration. 
A study of r. m. s. innovation of the leading acceleration given in Figure 6.12 shows 
that the innovation only increases when there is a fault with one of sensors mounted 
on the leading wheelset, and that it is very little affected by any other sensor faults. 
Table 6.2 gives the identification logic for the different sensor faults. 
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Leading Trailing Body Leading Trailing Body yaw 
acc. acc. acc. yaw gyro yaw gyro gyro 
Leading acc. 
fault 1 0 0 1 0 O 
Trailing ace. 
fault 0 1 0 0 
Body acc. 
fault 0 0 l U O tý 
Leading yaw 
gyro fault 1 0 0 I 0 O 
Trailing yaw 
gyro fault 0 1 0 O I ýý 
Body yaw 
gyro fault 0 0 0 O 0 1 
Table 6.2 Logic sequences for different sensor fault cases 
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There is of course a similar trade-off between the accuracy and the timing of fault 
detection when choosing the delay time. The computer simulation with real random 
track data shows that any leading and trailing sensors, body accelerometer and body 
yaw gyro fault can be accurately reported within 0.4 second when the time delay is set 
to 0.1 seconds. 
In general the sensor fault affects its own innovation as can be seen from the `Is' on 
the diagonal of the table. However there are some off-diagonal terms, and these show 
that it is very difficult to discriminate the fault between accelerometer and yaw gyro 
on the same axle. 
6.5 Summary 
This chapter has first presented the modelling of a two-axle mechatronic railway 
vehicle and the application of the reformulated Kalman Filter for the vehicle. The 
performance of the reformulated Kalman filter has been evaluated by using computer 
simulation, which has shown the reformulated Kalman filter also estimate all state 
variables for the two-axle vehicle accurately. 
This chapter has then applied the principle of the on-line fault detection and isolation 
scheme, and developed a fault tolerant sensing system for the two-axle vehicle. The 
study has shown that any single sensor fault can be detected and faults for sensors on 
different axles may be isolated effectively. 
Future work is needed to identify the fault between leading (or trailing) accelerometer 
and yaw gyro. Also the robustness issues of the schemes need to be thoroughly 
studied. Another important activity will be to integrate this sensing system with one of 
the active steering schemes. The dynamic properties of the wheelset will clearly be 
changed, and the control input (e. g. yaw torque) can be used within the Kalman filter 
which may assist the estimation and fault detection process. 
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CHAPTER 7 
ESTIMATION OF CANT DEFICIENCY FOR 
TILTING TRAINS 
As demonstrated in previous chapters, the primary objective of the study in this thesis 
has been to study and develop a high integrity measurement system for the active 
steering of railway vehicles. However some of the findings obtained from the work, 
especially the provision of track curvature and cant angle using the state estimation 
techniques, is of significance for tilting trains. This chapter describes a small study to 
investigate this extra application which falls outside the main research area. 
Tilting technology is more and more active in recent years, and is now becoming 
standard technology for new high-speed and regional-type railway rolling stock 
throughout the world, with increasing widespread use in Europe, Scandinavia, Japan, 
the USA and Australia [Anderson - 1995]. On tilting trains, active control is used to 
tilt the train inwards on curved tracks to reduce the lateral acceleration experienced by 
passengers, enabling an increase of speed without sacrificing passenger ride comfort 
[Harris - 1998]. To achieve that, one of the critical problems is how to measure the 
cant deficiency of the track curves accurately and quickly. At present, the common 
method used is so-called precedence control, where the output of an accelerometer 
mounted on a previous vehicle is filtered to remove the noise, mainly caused by the 
track irregularities but with a contribution from the sensor itself. The signal is then 
sent to the next vehicle to provide a command signal for the tilting action. The use of 
the precedence is necessary to reduce the effect of the delay introduced to the 
measurement by the low pass filtering. There are two main disadvantages with this 
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technique. One is that precedence is not possible on the first vehicle of a train. The 
other is the need for inter-vehicle communications [Goodall - 2000a]. 
This chapter investigates the use of a Kalman-Bucy filter for the estimation of the cant 
deficiency. The study is based upon a single solid-axle wheelset running on both 
random and curved tracks, but the results may be readily extended to a vehicle. A 
conventional intuitively-formulated filtering method is also presented for the 
comparison of performance. 
The study is based upon a curve radius of 100 m, with a cant of 6° at an operating 
speed of 13 m/s. 
7.1 Intuitively-Formulated Filtering 
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As expressed in equation (7.1), the cant deficiency of a curved track is related to a 
number of parameters: the vehicle speed v, curve radius R and cant angle 0 of the 
track. When an accelerometer mounted onto a wheelset or bogie is used to measure 
the cant deficiency, the sensor output will not only contain the sensor noise, but also 
the dynamic responses of the wheelset/bogie to both the curve and track irregularities. 
Figure 7.1 gives a comparison between the ideal cant deficiency and the measured 
output from an acceleration sensor (scaled by a factor of 1/g to convert the 
acceleration into an angle) on the combined track input. Clearly, the cant deficiency is 
the dominant part of the measured signal, but the noise in the signal must be somehow 
filtered out. 
Figure 7.2 gives the block diagram of an intuitively-formulated filtering, where A, G, 
C, H are the conventional solid-axle wheelset state-space model matrix given in 
Chapter 4 equations (4.8) and (4.9). The track inputs are the lateral velocity for 
random track and curvature (1/R) and cant angle (0) for curved track. The 
accelerometer output (y, ) is scaled by -1/b (the negative sign is due to the reference 
direction used) in order to obtain the cant deficiency (0d) and then fed through a low- 
pass filter to remove the higher frequency signals caused by track irregularities. A 
second-order low-pass filter is used in this case and its transfer function is given in 
equation (7.2), where co; is the cut-off frequency of the low-pass filter. 
Frack 
//K, Q v, Input 
AGCH y 
Conventional Solid-axle 
Wheelset Dynamics 
A 
Cant deficiency (Od) Sensor 
LP(s) I/L Vill 
lacccIcro IML-1 ) 
Figure 7.2 Block diagram for intuitive-filtering scheme 
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LP(s) 2ý 
11 
(ý=0.7) (7.2) 
1+ s+ 2s (t)i (1)i 
There is a design conflict in choosing the cut-off frequency. If the value is set too low, 
the filter introduces an unacceptable amount of delay to the output. This is not a 
problem on a steady curve, but is detrimental to the performance on a curve transition, 
a critical aspect of tilt system performance. However too high a cut-off frequency 
would not give an effective filtering to the high frequency noises, and tends to give 
unwanted tilt activity on straight track leading to reduced ride quality. 
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Figure 7.3 Trade-off curve for intuitive filtering approach 
A trade-off curve obtained by varying the cut-off frequency of the low-pass filter 
(0.1~ 10Hz) given in Figure 7.3 is used to quantify the filter's performance for both 
track irregularities and curve transitions, where the x axis of the trade-off curve is the 
maximum error between the true and estimated cant deficiency (©d) on the transition, 
and the y axis is the r. m. s. (root mean square) noise of estimated Od on random track. 
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It confirms that decreasing the cut-off frequency can significantly reduce the r. m. s. 
noise of estimated 9d, but increases the time delay between the true and estimated cant 
deficiency and thus increases the error of estimation. What is of interest is whether the 
Kalman filter can give an improved trade-off, because this will be of great use to tilt 
system engineers. 
7.2 Kalman Filter Estimation 
The studies described in previous chapters have shown that the curvature and cant 
angle of a curved track may be estimated individually by using model-based 
estimation techniques. Without too much difficulty, the reformulated Kalman filter 
presented in Chapter 4 can be modified to provide the estimation for the cant 
deficiency. Figure 7.4 gives the block diagram of this scheme. 
11R, 0, y, 
I track input 
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Sensors Measurement 
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Model L+ 
Process noise = Qk 
Figure 7.4 Reformulated Kalman-Bucy Filter estimation for cant deficiency 
A, G, C, H are state-space and output matrices for a single conventional solid-axle 
wheelset model, R1, R2 are the covariance of measurement noises which are given the 
usual values equal to 2% of their maximum levels. The input signals of the 
reformulated Kalman-Bucy filter are the measured wheel lateral acceleration and yaw 
velocity. These measurements can be easily obtained in practice through the use of the 
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accelerometer and yaw gyro. L is the Kalman-Bucy filter gain matrix which is 
designed off-line, and Qk is the covariance of process noise of the filter. Equations 
(7.3) and (7.4) give the state-space and output equations of this reformulated Kalman- 
Bucy filter. 
A A 
Xk=AkXk+4Ym-YC) (7.3) 
Yk = Ck Xk (7.4) 
where 
Xk =[Y Y- Yt Vv zi Y, 1/R 0d 
A G' 
ýJ Ak 
0 diag(wfI, wf2) 
Cyr C'" H'" 
In the equation, the cant angle (t is replaced by the cant deficiency (Od), thus the 
matrix G in the equation (4.8) and Hm in the equation (4.16) are modified accordingly 
to obtain G' and Hm'. Therefore the cant deficiency is now one of the filter states. The 
covariance of process noise of the Kalman-Bucy filter (Qk) can be expressed in 
equation (7.5): 
Qk= diag [Q Qi Q21 (7.5) 
where Q is the covariance of lateral random track velocity (y, ), and Q, and Q2 are the 
and 6d . covariance for 1YR 
Similarly, there is also a design conflict of performances between the random and 
deterministic track inputs. Figure 7.5 gives several trade-off curves obtained by 
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varying the covariance of Q2 (from 2x10-7 to 2x104) for different Q. The figure 
shows that with Ql fixed decreasing the Q2 can significantly reduce the r. m. s. noise of 
estimated Od on random track, but worsen the maximum error between the true and 
estimated Od on curves. 
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7.3 Comparison of Performance 
Figure 7.6 compares the trade-off curves of the intuitive filter approach with the cut- 
off frequency of second low-pass filter varying from 0.1 to 10 Hz, and reformulated 
Kalman-Bucy filter estimation with Qt fixed at 2x10"6 and Q2 varying from 2x10'7 to 
2x10-4. The solid-line represents the intuitive filter approach and the dashed-line is 
obtained from the reformulated Kalman-Bucy filter estimation method. It shows 
clearly that the reformulated Kalman-Buy filter estimation scheme achieves a better 
compromise of performance between the two different track inputs than the intuitive 
filtering approach. It is particularly effective at reducing the effect of random track 
irregularities for low errors on the transition, which is the situation usually required 
for tilting. 
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Design point I Design point 2 
max_e_curv= 0.01 1 rms_noise= 0.001 
Intuitive f; (Hz) rms_noise f, (f Ir) max_e_curv 
filtering 2.154 0.0045 0.522 0.017 
KBF Qi Q2 rms_noise Qi Q2 max_e_curv 
method 2x l 0-' 9.7x l0-' 0.0017 2x 10 ' I. 6x l O' 0.014 
Table 7.1 Various parameter values at design points 
Two design points listed in the Table 7.1 are used to measure the difference in 
performance between the two methods. Design point I is of' most interest, because it 
gives the significant reduction in r. m. s. noise of estimated 0, on random track input 
for the KBF method with the same maximum error of cant deficiency on transition for 
curve track as the intuitive-filtering approach. For completeness, desi n point 
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compares the maximum error of cant deficiency on curve track for the two methods 
with the same r. m. s. noise of estimated °d on random input. 
Figure 7.7 shows the time responses of the intuitive filter approach for the estimation 
of the cant deficiency on a combined (curve + random) track input at design point 1 
which gives a maximum cant deficiency estimation error of 0.011rad on pure curve. 
Figure 7.8 gives that for the reformulated Kalman-Bucy filter estimation scheme at 
the same design point. It can be seen very clearly from the figures that with the same 
maximum estimation error on cant deficiency, the KBF method gives lower r. rn. s. 
noise level. 
Figure 7.9 gives the comparison for the estimation errors of cant deficiency on 
combined track input between the intuitive formulated filtering approach and 
reformulated Kalman-Bucy filter estimation scheme at design point 2. It shows that 
with KBF method, the maximum estimation error of the cant deficiency is also 
reduced. 
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7.4 Summary 
This chapter has presented the estimation of the cant deficiency for a single 
conventional solid-axle wheelset. Two different approaches are studied and their 
performances evaluated, which are the conventional method intuitive filtering and the 
reformulated Kalman-Bucy filter technique. The simulation results show that the 
reformulated Kalman-Bucy filter scheme provides an improved estimation of cant 
deficiency. 
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CHAPTER 8 
F 
KALMAN FILTER ESTIMATION FOR PROFILED 
WHEELS 
The study described in previous chapters is based upon wheels with constant conicity. 
The simulation results in Chapter 4 have shown that the resulting Kalman filter is 
robust even if the actual conicity deviates from the value used by the estimator. 
However the studies have also indicated that the performance of the Kalman filter is 
adversely affected by the variation of the conicity, which can cause a scaling error in 
the estimation of some state variables. In practice the wheel normally has a profiled 
tread, and hence the conicity at the wheel-rail contact point will vary with the lateral 
displacement of the wheelset relative to the track. Clearly the Kalman filter 
introduced previously will need to be developed further to tackle the issue of the 
variation in conicity in order to improve the accuracy of the estimation. 
This chapter explores the possibility of state estimation for a real profiled wheel, and 
the study is based on the fact that the profile of a wheel tread can be made known, and 
accessible to the estimator. In practice of course this is an assumption which is not 
always true, because the actual wheel profile will change as the wheel wears, and the 
effective profile depends upon the rail profile which also wears. Nevertheless this 
study represents a starting point for estimation with profiled wheels. A non-linear 
profiled wheel is introduced in section 8.1. The development of a recursive Kalman 
filter is described in section 8.2, and some simulation results are given in section 8.3. 
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8.1 Wheel Profile 
8.1.1 Real Profiled Wheels 
When a wheelset is rolling along a track and is displaced laterally, the rolling radii of 
two wheels are not equal to each other. If the conicity A is a constant and of a small 
value, the left and right wheels' rolling radii can be defined as: 
frL 
=r0-2*(Y-Yt) 
rR =ro+ýi. *(Y Y1) (8.1) 
However for a wheelset with profiled wheels the conicity X is no longer a constant 
value and it varies as the wheel-rail lateral displacement (y-y, ) changes. Therefore 
equation (8.1) is no longer adequate to represent the wheel rolling radius accurately. 
A general form for the representation of the rolling radii is expressed in equation 
(8.2): 
frL =ro+rLo(Y-Yt) 
1rR =ro+rRO(Y-Yr) 
(8.2) 
In addition, flanges are provided on the inside edge of the treads to stop the wheelset 
going any further. The flangeway clearance allows typically 6-8mm of lateral 
displacement to occur before flange contact. 
Figure 8.1 shows the rolling radius changes for the left and right wheels (rMrRo) for a 
real profiled wheels, where the x axle is the wheel-rail lateral displacement (y-yt). 
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Figure 8.1 Profiled wheel 
8.1.2 Linearised Profiled Wheels 
To enable the development of a recursive Kalman filter, the rolling radius changes in 
the two wheels of a wheelset shown in Figure 8.1 can be represented by linear 
segments as illustrated in Figure 8.2. Equations (8.3) and (8.4) give the mathematical 
expressions of the linearised left and right wheels' rolling radius changes rw, rRo. 
rLO -0.067*(y yt) 
rLo =-0.6*((y-y1)+0.00195) 
rLO = -120 * ((y - y) + 0.00745) 
y-y, ? -0.0021 
- 0.0075: 5 y- y1 < -0.0021 (8.3) 
y- y< < -0.0075 
rR0 0.067*(y-y) 
rRO =0.6*((y-y, )-0.00195) 
rRO =12o * ((y - y, ) - o. 00745ý 
y- y< <- 0.0021 
0.0021 <y- y< <- 0.0075 (8.4) 
y- yl > 0.0075 
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Figure 8.2 Linearised Profiled wheels 
From equations (8.3) and (8.4), a general form of the left and right wheels' rolling 
radius change can be presented as follow: 
rLo =a, *((Y-y, )+b, ) (8.5) 
rRO = a2 *((y-Y)+b2) (8.6) 
And hence, 
no = al * (Y- Yr (8.7) 
rRo = a2 * (y- y, ) (8.8) 
Thus, the longitudinal and lateral creepages for the left and right wheels can be 
represented in equations (8.9) to (8.12). 
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Left wheel: 
ly/ l rLO 
Y1L=v-R" 
12L 
y 
-V' 
v 
Right wheel: 
YIRIV+R - 
rro 
12R 
y-v 
v 
8.2 Modelling and Kalman Filter Design 
(8.9) 
(8.10) 
(8.11) 
(8.12) 
Substituting the creepage equations (8.9) - (8.12) into equations (3.11) and (3.12) 
gives the wheelset lateral and longitudinal creep forces. The equations of motion for a 
conventional solid-axle wheelset (with the same passive stabilisation as used 
previously) with profiled wheels are obtained as given in (8.13)-(8.16): - 
.. 22 
y=-2f22 y+2m22+ 
F R-gB (8.13) 
2 l2 "" 2" ,l 
fill 
k 1 rio - ilrRO + (8.14) w 
Iv Iro Iro IR 
Fy = 2ky (y, - y) (8.15) 
ky (y, - y) _ -by yi (8.16) 
As the radius changes of the two wheels are also variables, they can be now included 
as two additional states in the estimator as follows: 
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rLo = al Y- ai Yr (8.17) 
. ; 
-a2 
. 
rRO = a2 Yt (8.18) 
As the reformulated Kalman-Bucy filter developed in Chapter 4 has given good 
estimation of all wheelset states on both random and deterministic tracks, the same 
approach is adopted and further extended for the profiled wheels. 
From equations (8.13) - (8.18), a discrete time state-space form of the model can be 
derived as given in equation (8.19). In addition to the track inputs such as the 
curvature and the cant angle, the radius changes of the right and left wheels are now 
formulated as part of the state variables. The output equation for the three 
measurements (lateral accelerometer, yaw and roll gyros) is given in equation (8.20). 
The parameters used in the model are specified in Table 8.1. 
Symbol Quantity Value 
m wheelset mass 1250 kg 
0 track cant 6° 
V forward velocity 18.4 m/s 
1 half gauge 0.75 m 
I wheelset yaw inertia 700 kgm 
ro nominal wheel radius 0.45 m 
f1 longitudinal creep coefficient 10 MN 
f22 lateral creep coefficient 10 MN 
R curve radius 200 m 
ky Lateral stiffness per wheel 3200 kN/m 
by Lateral damper per wheel 6400 kNs/m 
Table 8.1 Parameters for a single conventional wheelset with profiled wheels 
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Chapter 8: Kalman Filter Estimation for Profiled Wheels 
A recursive Kalman filter rather than a constant gain Kalamn-Bucy filter is used. This 
is because in each sampling period, the elements of Aekf and Gekf matrices related to 
the contact geometry vary with the wheelset movement and thus the Kalman filter 
gain matrix needs to be updated so that a more accurate estimation could be achieved. 
Equations (8.19) and (8.20) form the basis for the design of the recursive Kalman 
filter. The flow chart diagram in Figure 8.3 shows the execution sequence of the 
reformulated Kalman filter. Note that the wheel profile is partitioned into three 
linearised sections, and the Kalman filter is required to determine which sections of 
the two wheels are in contact with the track and hence to decide its operating points. 
The algorithm used is therefore recursive [Maybeck - 1979]; in each sampling period 
all the state variables are estimated including the radius changes rLO and rRO. The 
outcome is then used to update the operating point by re-computing the state-space 
matrices in equation (8.19), and to re-calculate the Kalman filter gain matrix K(k). 
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The gain matrix of the recursive Kalman filter K(k) is calculated on line. The 
covariance matrix Q,, til is equal to diag[Qtm(. k Qcurv Q. J" 
8.3 Simulation Results 
The tuning of covariance matrices is similar to that in chapter 4. Q...... 4 is set to the 
covariance value of irregularities of the track lateral velocity. The values of Q,,,,.,, and 
Q,. ant are 
found to give the best estimates at Q,.,,,,. =1.261 x 10-' and 10- 
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Figure 8.4 True, estimated wheel-rail lateral displacement and estinmation error 
Figures 8.4 shows the true and estimated wheel-rail lateral displacenment, and the 
estimation en-or of the profiled wheelset on the curved track. The results for the an(, Ic 
of attack and its estimation error are given in Figure 8.5. Clearly good estimates for 
the wheel-rail lateral displacement and angle of attack are obtained and its 
performance is very similar to the results of the three-sensor Kai man-Uucy filter 
estimation for the coned wheelset presented in Chapter 4 where the physical model 
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and estimator use the same conicity value. The drift in the angle of attack in the 
beginning is caused by the measurement noises. 
i n3 
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Figure 8.5 
Since the change of left and right wheel radius at the contact point with rail are 
included as two extra states in the Kalman filter model, it is also Possible toi estimate 
those two parameters as demonstrated in Figure 8.6. Figure 8.6 gives the true and 
estimated rl, O and r1 u. In addition, Figures 8.7 and 8.8 illustrate that food estimation of 
the two track parameters (curvature and cant angle) is also achieved. 
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On random track similar estimation results are obtained. Figure 8.9 gives the 
estimated wheel-rail lateral displacement and its estimation error. It can he seen that 
the estimation error is relative large, but mostly within ±1mm. Figure 8.10 show the 
estimated angle of attack and its estimation error. There is still a low frequency 
component of the estimation error on angle of attack which is similar to that in 
Chapter 4. 
The Kalman filter also estimates other state variables well. Figures 8.11 sind 8.12 
show the estimated wheel lateral and yaw velocities and their estimation errors, where 
good estimations are obtained. 
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8.4 Summary 
This chapter has presented the development of a recursive Kalman filter for the state 
estimation of a real profiled wheelsets. 
It has been demonstrated that by linearising the profiled wheel into a number of 
sections, the left and right wheels' rolling radius changes can be included as two extra 
states in the recursive Kalman filter. Simulation results have shown that a good 
estimation of the wheelset states including wheel-rail lateral displacement, angle of 
attack and the changes of left and right wheel rolling radius at the contact point with 
the rail has been achieved on a curved track, and it provides a significant performance 
improvement compared with results in Chapter 4 where the Kalman filter formulated 
using constant conicity is applied to the profiled wheels. 
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CHAPTER 9 
CONCLUSIONS & FUTURE WORK 
9.1 Conclusions 
This thesis has presented fundamental studies for the development of state estimation 
techniques to provide high integrity feedback variables for the active steering of 
railway vehicles. As the study is primarily concerned with railway wheelset, the 
research work has been largely based upon single wheelset configurations in order to 
focus on the characteristics of the contact mechanics between the wheelset and the 
surface of the track in the development of the estimators. However the techniques 
developed have been extended to bogie vehicles and two-axle vehicles. 
Two wheelset configurations have been identified and used in the study. The first is 
the conventional solid-axle wheelset found on most of rail vehicles today, where two 
coned/profiled wheels are mounted rigidly onto a common axle. The other is the 
independently-rotating wheelset, where an axle is also used but the two wheels are 
allowed to rotate freely. 
Two railway wheelset models -a conventional solid-axle wheelset and a wheelset 
with independently-rotating wheels - are first developed in this thesis. Linearised 
dynamic models for the two different wheelsets are presented, but more significantly 
the developed models have been used to carry out a system analysis of the wheelsets. 
The study has developed an interpretation of the fundamental instability of the solid- 
axle wheelset and successfully explained conventional passive stabilisation using yaw 
and/or lateral stiffness from a control system viewpoint. The analysis has been 
supported by simulation results. The study has also identified active control 
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possibilities for stabilising a conventional solid-axle wheelset without affecting 
curving, and strategies based upon the insights provided have been investigated 
further in a different study to determine the stability and curving performance for a 
complete vehicle [Mei - 2000e]. 
The analysis of an unconstrained IRW wheelset has also yielded an interesting result, 
i. e. that there is a kinematic oscillation, occurring as a consequence of the dynamic 
coupling via inertial effects. The significance is twofold: firstly it is contrary to the 
received wisdom that the use of independently-rotating wheels actually removes the 
kinematic instability of a conventional wheelset; secondly it provides a cautionary 
note for proponents of active steering schemes that the provision of the steering 
function alone is not sufficient. Fortunately it appears that this kinematic instability 
can be readily stabilised using yaw damping without detracting from curving 
performance, but awareness of the effect is nevertheless essential for formulating 
effective control laws. 
Although a variety of active steering control laws are possible, two feedback variables 
have been identified to be of principal interest in the development of the state 
estimators. The first is the lateral wheel-rail displacement, because this must be 
restricted to avoid contact between the wheel flange and the rail. The second is the 
angle of attack, i. e. the yaw angle between the wheelset and track at the point of 
contact, because this directly affects the lateral forces acting upon the wheelset. This 
thesis has concentrated on model-based state estimation techniques (i. e. the use of 
Kalman filters or Kalman-Bucy filters) to provide full state feedback, although the 
focus is on the two key variables. 
In principle, a Kalman-Bucy filter can be designed based directly on the wheelset or 
vehicle dynamic model with an output equation to represent the measurements. The 
study has indicated that such a Kalman-Bucy filter gives good estimation results for 
the random track irregularity inputs (i. e. on straight track), but it is impossible to 
obtain a good estimation on curved track. This is because all the wheelset variables in 
the model are related to a local axis system which moves along the track with the 
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vehicle, and these are not readily known in the Kalman-Bucy filter. A solution has 
been developed in the thesis by re-formulating the Kalman-Bucy filter model to add 
two extra states which represent the deterministic track characteristics - curvature and 
cant. Furthermore, tuning of the Kalman-Bucy filter has involved a compromise 
between the performance on straight and curved tracks, and this has been quantified 
by using a trade-off curve showing the error under the two conditions. 
The study has shown that the sensor configuration/arrangement is an essential element 
for the effectiveness of the Kalman filters. A number of sensing options have been 
investigated to assess the performances and the simulation results have shown that the 
reformulated Kalman-Bucy filter with a three-sensor arrangement gives a very good 
estimation for wheel-rail lateral displacement on both random and curved tracks. For 
the solid-axle wheelset, an accelerometer mounted in the lateral direction, two gyros 
in the yaw and roll directions are used. For the independently-rotating wheelset, the 
roll gyro may be replaced by the measurement of the differential speed between the 
two wheels. 
By including the curvature and cant angle of the track as two of the states in the re- 
formulated Kalman-Bucy filter, the study has demonstrated that a very good 
estimation on both curvature radius and cant angle has also been achieved even 
though the track deterministic features are strictly not part of the vehicle dynamics. 
The re-formulation therefore ensures that the estimator operates effectively both with 
the random inputs on straight track, and when negotiating curves. 
Having developed the re-formulated Kalman filters for the single wheelset, the study 
has then extended the techniques and analysis methods and applied them to a 
conventional bogie vehicle (with parameters of BR MKII coach) and a two-axle 
mechatronic railway vehicle. Also significant is that real track data instead of the 
generically generated random data has been used in the case studies as the random 
input. 
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As the active steering of rail vehicles is a safety critical issue, the thesis has also 
studied fault detection and isolation schemes for the estimation techniques developed 
and applied them to these two vehicles mentioned above. With a combination of low 
pass filtering and moving r. m. s. window calculation of innovation signals of the 
reformulated Kalman filters, it has been demonstrated that any sensor fault can be 
quickly and effectively detected and identified by the fault detection and isolation 
scheme. 
The ability of the reformulated Kalman filter to estimate track curvature and cant 
angle has led to a separate study in the thesis to explore the estimation of cant 
deficiency of the track at which a vehicle is travelling. This is of great significant for 
tilting trains, which are intended to respond to these deterministic track inputs. The 
reformulated Kalman-Bucy filter approach has been studied and compared with a 
conventional intuitive filtering method. The study has been able to demonstrate that, 
for the same maximum error on curves, the reformulated Kalman-Bucy filter scheme 
achieves the lowest r. m. s. noise level. 
As stated earlier, the development of the re-formulated Kalman filters has been based 
on linearised wheelset models. The approach is largely justified because one of the 
objectives for the active steering is to steer the wheelset to operate in the linear region 
of the wheel-rail contact points and a related study has shown that the control system 
using the developed Kalman filter to provide necessary feedback is robust against 
parameters subject to variation [Mei - 2000a]. However the study has also shown that 
the estimation errors are increased when the parameter such as the conicity of the 
wheels deviates from the value used in the Kalman filter. To reduce the estimation 
error, this thesis has initiated a study to explore the possibility of state estimation for a 
real profiled wheel and developed a recursive Kalman filter. It has been demonstrated 
that, by partitioning the profiled wheel into a number of linearised sections, the left 
and right wheel's rolling radius changes can be included as two extra states in the 
recursive Kalman filter. Simulation results have shown that a good estimation of the 
wheelset states including wheel-rail lateral displacement, angle of attack and the 
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changes of left and right wheel rolling radius at the contact point with the rail can be 
achieved on a curved track. 
9.2 Future Work 
The study has provided a sound basis for model-based state estimation, but clearly 
there are a number of after areas in which research is required. 
Practical implementation and verification of the schemes developed is important, 
because there will undoubtedly be a number of discrepancies between a real vehicle 
and the simulation models described. It should be possible however to conduct the 
first stage of verification off-line using data gathered from an instrumented vehicle. 
One of the other research activities would be to study how well the fault detection and 
isolation sensing schemes can be extended to provide parallel redundancy and 
consolidation using Fault Detection and Isolation (FDI) techniques. Another 
important activity will be to integrate this sensing system with one of the active 
steering schemes. The dynamic properties of the wheelset will clearly be changed, and 
the control input (e. g. yaw torque) can be used within the Kalman filter which may 
assist the estimation and fault detection process. 
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MODELLING AND ANALYSIS OF A RAILWAY WHEELSET FOR ACTIVE CONTROL 
Hong Li and Roger Goodall 
Loughborough University, Loughborough, UK 
ABSTRACT active control can be applied to enhance the wheelset's 
stability. 
This paper presents an assessment of a railway wheelset 
in control engineering terms. It addresses a linearised 
dynamic model and some simulation results for straight 
and curved track, gives an interpretation of the 
fundamental stability problem based upon control 
system stability analysis, and suggests theoretical 
possibilities for active control laws which might be 
investigated from a practical point of view. 
KEYWORDS: Railway, wheelset, active steering 
LIST OF SYMBOLS 
m wheelset mass (1250 kg) 
V forward velocity 
I half gauge (0.75 m) 
I wheelset yaw inertia (700 kgm2 ) 
ro nominal wheel radius (0.5 m) 
IZ4) curve radius (100 m) 
0 track cant (6°) 
x conicity (0.15) 
f1I longitudinal creep coefficient (10 MN) 
f22 lateral creep coefficient (10 MN) 
y lateral displacement 
W yaw angle 
Some work has been undertaken on control strategies 
13.41. but there is still much research needed in this area. 
This paper however presents work from a project which 
is investigating safety-critical measuring systems for 
active steering of railway vehicles. because the 
provision of high integrity measurements is an important 
practical problem for implementing any of the control 
strategies which are possible. In particular, some of the 
natural choices for feedback such as lateral wheel/rail 
displacement are very difficult to measure in a cost. 
effective manner. 
The paper presents a linearised dynamic model and 
some simulation results for straight and curved track, 
gives an interpretation of the fundamental stability 
problem based upon control system stability analysis. 
and suggests theoretical possibilities for active control 
laws which might be investigated from a practical point 
of view. 
2. MODELLING 
-Flange (Coned Dwheel 
Solid axle 
I. INTRODUCTION 
The railway wheelset with coned or profiled wheels 
is a 
mechanism which steers 
itself inherently around curves, 
but has complex dynamic properties which for many 
years were not appreciated 
by railway engineers. 
However these dynamic properties were fully explained 
during the . 
1960s and the limitations in curving 
performance and 
dynamic stability are now well 
understood (1]. There 
is now an emerging interest in 
applying active control to overcome some of the 
limitations in performance (2]. It is therefore 
appropriate to formulate the problem 
from a control 
engineer's perspective. partly to see 
if extra insights 
emerge. but also to provide a 
framework by which 
Rail 
Figure 1: Conventional Wheelset 
Figure I shows a conventional railway wheelset, 
composed of two coned (or otherwise profiled) wheels 
rigidly fixed to a common axle and therefore constrained 
to rotate at the same angular velocity. The radius of the 
wheel on the contact point between the wheel and the 
rail is the rolling radius. If a wheclset is rolling along a 
track and is displaced laterally, the rolling radii are 
different on the two wheels due to the profiles of these 
two wheel treads. The difference of the rolling radii 
results in different forward speeds for each wheel and 
UKACC International Conference on CONTROL'98,1-4 September 1998, 
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forces the wheelset to have a yaw angle so that the 
wheelset will turn back towards the track centre-line, 
and this is how the inherent steering action mentioned 
earlier works. However in practice the wheelset crosses 
the centre-line and overshoots to the other side, 
following a sinusoidal path along the track. This is 
called the "kinematic oscillation" of the wheelset or 
wheelset "hunting". 
The way in which force is generated at a rolling contact 
between wheel and rail is quite complex, and relies upon 
the concept of "creep", a phenomenon which arises 
from the elastic deformations of the material around the 
contact patch. Below the adhesion limit the force is 
proportional to the creepage, i. e. the small difference in 
velocity between the wheel and rail (expressed as a 
fraction), and the constant of proportionality is known as 
the "creep coefficient". 
The wheelset' s characteristics are determined by the 
creep force at the wheel/rail contact point combined 
with the coning of the wheels. Without the coning, i. e. a 
purely cylindrical profile on the wheel treads, there is no 
natural steering action, but the "mechanical feedback" 
provided by the conicity creates instability. This is 
overcome on conventional railway vehicles using 
springs connected from the wheelset to the bogie or the 
body of the vehicle, but these interfere with the natural 
steering action and give reduced curving performance. 
The equations of motion for a conventional wheelset 
running along straight track without track 
irregularities 
can be represented by the lateral and yaw equations: 
- 2f22 2f'F y+W += (1) 
11t v 171 m 
yý - /r0 /º 
where F, " and 
T are the lateral force and yaw torque 
applied to the mvheelset (e., _. via spring connections. 
active control. etw. ". 
Fach equation ha, two contributions toi the creepage. 
The tint terns ºn the lateral equation i' due tu the pure 
lateral velocity. the sewn.! : erºn IS that induced by the 
wtieeket yaw. The 
first tcnn in the yaw equation is the 
I0n; `itudinal ere:; induced hl the conicity. and the 
«nnd is that due !O the y'aws' velocit. 
E=or curved truck. they become: 
_f _t-_ý TFý +'--_. Z© (3) 
ntv nt m Xu 
2fi11A. 
_2fii12, +Tw +2fii1= (4) Iry a Iv 1 IRO 
The last two terms in equation 3 introduce the 
centrifugal curving force, which depends upon both the 
radius of curvature and the "cant" of the track, i. e. an 
angle to the horizontal' used to reduce-the acceleration 
experienced by the passengers. The last term in equation 
4 introduces the rotational effect of traversing the curve. 
Table l gives the natural frequency and damping factor 
of the modes for the unconstrained conventional 
wheelset at speeds of v=10,20 30 m/s. Notice that the 
wheelset kinematic frequencies are only a few Hz, and it 
can be shown that the mode is unstable at all non-zero 
speeds. There is also a mode which has almost real 
eigenvalues at a much higher frequency. 
Speed v 
(m/s) 
Mode 1 
(Kinematic) 
Mode 2 
10 1.01 Hz, -0.39% 255.2Hz. 99.99% 
20 2.01Hz, "1.58% 127.7Hz. 99.98% 
30 3.01 Hz. -3.53% 85.2 Hz, 99.94% 
Table 1: Dynamic modes for unconstrained conventional 
wheelset 
Figure 2 shows a three-dimensional graph of damping at 
the wheelset kinematic frequency. The figure shows very 
clearly how lateral and/or yaw stiffness can be used to 
increase the damping in the kinematic mode, i. e. to 
provide stability. 
r30 
20 
*0 
. 10ý 
"t. 
.i 
'r 
ý\ /ý, 
i 
ýý 
ýYi 
2 
Yaw SlMrtss 00 Lateral stillness 
figure 2: Thrct-dimcnsion; il plot of damping 
6 
Figure 3 and Figure 4 plot the lateral displacement of 
constrained conventional wheelset (a lateral stiffness of 
2 MN/rn and a 1.125 MNm/rad yaw stiffness have been 
used here) on straight track with a step and curved track 
respectively, where the responses for the unconstrained 
whcelset on both two inputs are also given for a 
comparison. A relatively low speed of 10 m/s is used for 
both these results. The instability of the unconstrained 
1290 
wheelset is clearly seen. Also, the curved track result 
shows the lateral displacement which arises. 
0.02- js i 
0.015. unconstrained . 1,, ! 
If'ji 
constrained 
WAM 
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ý't: 
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Figure 3: Step response for conventional wheelset 
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Figure 4: Wheel set response on curved track 
3. CONTROL SYSTEM ANALYSIS 
3,1 Block Diagram Representation 
It is possible to represent equations 
(1) and (2) from a 
control engineer's viewpoint using 
a block diagram, as 
shown in Figure 
5. This indicates clearly the interaction 
between the lateral and yaw 
degrees of freedom. Note 
that the previous section 
has given results with F. and 
T'r generated by passive spring connections, 
it is equally 
possible provide active 
control via one or both of these 
inputs. 
Fy 
Figure 5: Block diagram representation of wheelset 
equations 
The diagram can be re-drawn with the two equations 
represented in a cascaded arrangement, as shown by 
Figure 6. The "input" has been indicated as the lateral 
force F,. because the ideal is to provide stability mainly 
through a lateral control force. although the use of a yaw 
torque is also possible [5]. The immediate "feedback" 
terms around the lateral and yaw integrations seen in 
Figure 5 have been converted into first order blocks, and 
now the main "mechanical feedback" loop via conicity 
and longitudinal creep can clearly be seen - the yaw 
angle variable has been shown as negative so that the 
feedback also becomes negative. 
T, 
v ya r. awl 
2fn; nas Ih 21. olah. 2f,, 1-aI Ih 
" 
2fa 
Figure 6: Re-drawn block diagram 
3.2 Basic Stability Assessment 
Fr v 
P-EýIýTf 42 
f_, si s 
2 f", 
Figure 7: Simplified wheelset diagram 
Consideration of the two first order blocks shows that 
their break frequencies are 2fu/mv and 2f, 112/[v for the lateral and yaw blocks respectively, and using typical 
values given at the start of the paper at a speed of 20m/s 
these both occur at around 150 Hz. A good 
approximation is therefore to neglect the poles 
associated with each of these first order blocks. because 
it will be seen that the dominant loop frequencies are 
1291 
typically only a few Hz, leading to the simplified 
diagram given in Figure 7. 
This diagram now readily reveals the reason for the 
undamped oscillation experienced with an unconstrained 
wheelset at low speed, because there are two integrators 
within a negative feedback loop, with an "open loop" 
transfer function given by 
v 2f, 11. ß, v_ v2,1 F(s) =2 2f22S rn 2f111 S 22 rn1S2 
N. B. It is worth noting that this simplified "loop transfer 
function" is independent of the wheelset mass, the 
wheelset inertia and the creep coefficients. with a 
dependence only upon the geometric parameters and 
vehicle speed - this justifies the use of the word 
"kinematic" to describe the motion. 
At a frequency of 
Jv2. l 1rol there is unity loop gain 
with 180° of phase lag. The oscillatory frequency is 
therefore proportional to vehicle speed, e. g. a value of 
about 5 Hz when the speed is 50 m/s. a typical value for 
a modern high speed vehicle. Of course, the small 
additional phase lag associated with the two first order 
blocks which have been neglected will in fact result in 
an instability, rather than just an oscillatory response, 
and this is what is seen both in the eigenvalues in Table 
1 and the step response shown in Figure 3. 
it is also clear from this diagram that lateral and/or yaw 
aiffness will provide stability. as indicated by Kyand K, 
on Figure 8. A typical lateral stiffness would be 6.3 
MN/m to give 20° of phase lead within the loop at 5 Hz, 
thereby g_ivinýg a damping of perhaps 25%. The 
corresponding value for the yaw stiffness works out to 
be 3.5 MNin/rad. (interestingly. both these values are 
independent of vehicle speed. ) 
Alternatively, a control engineer' s approach might be to 
add it derivative term into the control loop, most 
straightforwardly accomplished by adding a lateral force 
proportional to yaw velocity, shown dotted on Figure 7. 
This is not something which can readily be achieved by 
passive means, but is possible with active control. 
3.3 Wheelset Connected to a Secondary Mass 
In fact the mechanical stabilisation by lateral or yaw 
stiffness which was simulated earlier is not in practice 
possible because this requires connection to an absolute 
datum, so it is necessary to consider a secondary mass 
(e. g. a bogie frame or the vehicle body). The modified 
scheme with a lateral spring and damper (KL and CL) 
from the wheelset to a secondary mass M is illustrated in 
Figure 9. (A yaw connection is also possible, but as 
stated earlier the ideal is to stabilise through. some form 
of lateral force only so as to avoid compromising 
curving performance. ) 
Figure 9: Simplified diagram with secondary mass 
There is now a fundamental problem: although in 
principle a stiffness can be added to an inertial reference 
such as a secondary mass, it is clear that this will only be 
effective at stabilising the wheelset if the secondary 
mass is effectively decoupled at the wheelset kinematic 
frequency, i. e. the secondary lateral frequency is 
significantly lower than the kinematic frequency. 
Choosing typical secondary suspension frequency of 
1Hz with a (half) body mass of 10 tonnes results in a 
lateral stiffness of around 0.5 MN/m, much smaller than 
the, value calculated in the previous section, and 
therefore no use for stabilisation purposes: only an 
impracticably large mass would result in a high enough 
frequency, and it is now well accepted by railway 
dynamists that yaw stiffness, either from wheelset to 
wheelset or from wheelset to body, is necessary to 
achieve stability - but this deteriorates the curving. 
It is therefore interesting to consider the "control 
engineer's approach" mentioned previously. i. e. to add 
phase lead by means of a lateral force proportional to 
yaw- velocity. Using the criterion of providing 20° at 
5Hz requires a damping constant C, of around 500 kN 
per rads". 
This method would result in a lateral force also being 
imposed upon the secondary mass in response to 
1292 
Figure 8: Simplified wheelset diagram -'with passive 
and active stabilisation 
wheelset yaw, and a full dynamic analysis assessing 
straight line performance would be necessary to clarify 
the effect of this stabilising force on the secondary mass. 
This, and other possible active stabilising strategies, are 
the subject of on-going research. 
4. CONCLUSION 
This work has presented the modelling of a railway 
wheelset, and an assessment of its dynamic properties in 
control engineering terms. It represents a milestone on a 
project concerned with develop safety-critical measuring 
systems for actively steered/guided railway vehicles. 
The paper has concentrated upon a linearised model, but 
a real wheelset has significant parameter variation in 
terms of the creep coefficients and conicity, and also has 
significant non-linearities. particularly when the wheel 
flange starts to come into contact with the rail. However 
one of the main objectives of active control is to avoid 
such a condition because it results in wear of the wheel 
and rail, and so the model describes provides a useful 
insight into the dynamic properties of the wheelset and 
possible control opportunities. and an excellent starting 
point for assessing model-based estimation techniques. 
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1. INTRODUCTION 
For many years the design of railway vehicles has 
been primarily a mechanical engineering discipline, 
but the use of actively-controlled suspension systems 
is starting to change this. Tilting trains, in which the 
vehicle bodies lean inwards to enable higher speeds 
through curves, are now in widespread operation 
throughout the rest of Europe, and are most likely to 
appear again in the UK over the next 5 years. More 
general applications of active suspensions, in which 
springs and dampers are replaced or supplemented by 
actuators, sensors and controllers, are under serious 
development by a number of railway manufacturers 
and operators. and it now seems that the technology 
will progressively be adopted, particularly since 
tilting trains have established a clear precedent for the 
use of active control (Goodall, 1997). 
Most of the active suspensions applications currently 
being considered relate to the secondary suspension 
between the body and the bogie (with the objective of 
improving ride quality), but the concept can also be 
applied to the primary suspension between the bogie 
and the wheels. A conventional bogie generally has 
two solid-axle wheelsets, with the coning or profiling 
of the wheels proving guidance through mechanical 
action, and active control can be added to improve 
I-3a-17-5 
the performance (Shen and Goodall, 1997). However 
there are larger benefits to be gained from a more 
radical approach in which the wheels can rotate 
independently, with steering being provided through 
active control (Wickens, 1991). Not only can this 
fundamentally improve the vehicle's curving ability 
leading to large reductions in wear of the rail and the 
track, but also it is possible in principle to dispense 
with the bogies altogether. This will create a major 
change in the mechanical design of the vehicle, 
giving considerable simplification of the mechanical 
system and a substantially lower weight. 
Some work has been undertaken on control strategies 
[Wickens, 1991; Mei and Goodall, 1999], but there is 
still much research needed in this area. This paper 
however presents work from a project which is 
investigating safety-critical measuring systems for 
active steering of railway vehicles, because the 
provision of high integrity measurements is an 
important practical problem for implementing any of 
the control strategies which are possible. In 
particular, some of the natural choices for feedback 
such as lateral wheel/rail displacement are very 
difficult to measure in a cost-effective manner, and so 
the primary aim is to determine practical techniques 
for estimating such variables using wheelset 
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measurements which can be implemented cheaply 
and easily. 
2. BACKGROUND 
An unconstrained conventional railway wheelset, i. e. 
one with solid axles as shown in Figure 1, goes round 
curves naturally - as a curve is encountered it moves 
outwards, and the increased rolling radius caused by 
the coning of the wheels makes the outer wheel 
progress faster than the inner wheel, thereby 
traversing the curve without running hard onto the 
flange. Also, if the wheelset is rolling along a track 
and is displaced laterally, the difference of the rolling 
radii forces the wheelset to yaw inwards so that the 
wheelset will turn back towards the track centre-line, 
cross it and overshoot to the other side, following a 
sinusoidal path along the track (i. e. a kinematic 
oscillations). The unconstrained wheelset is therefore 
dynamically unstable, and it is usual to have pairs of 
wheelsets in bogies, with longitudinal and lateral 
constraints (usually springs) to ensure that this 
dynamic instability occurs at a speed higher than the 
vehicle's maximum design speed. The effects of these 
constraints is to degrade the natural curving action, 
and there is critical and difficult trade-off between 
stability and curving in the design of the wheelsets 
and bogie. The- scientific basis underlying these 
effects and the design issues for conventional 
(passive) railway vehicles are now well understood 
[Illingworth and Pollard, 1952]. 
For applying active control to the wheelsets, the 
fundamental problem from the measurement point of 
view is that the primary feedback variable (i. e. the 
lateral wheel/rail displacement) is very difficult to 
measure, partly because of the arduous vibration and 
climatic environment, but also because the profiling 
of the wheel and the shape of the rail causes 
difficulties for obvious measurement technologies 
such as optical. inductive, etc., and it is this difficulty 
which has motivated the research described in this 
paper into estimation techniques for railway 
wheelsets. 
3. WHEELSET MODELLING 
3.1 Conventional wheelser model 
The operation of a wheelset is complex because the 
speed difference or "creepages" in the lateral and 
longitudinal directions create "creep forces", and it is 
these forces applied to the wheelset which both 
provide guidance and create the instability [Wickens, 
1969]. The equations of motion for a conventional 
wheelset (excluding track irregularities) can be 
represented by the lateral and yaw equations: 
y2fý y +2ýýV +Fr +-_ge (1) my in in 
-__2fi1« y _2f 
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+2f12 (2) Iro Iv ! ! Rý) 
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wheel 
Solid axle 
Rolling 
Rail ý' radius 
Fi g. 1. Conventional «'heelset 
Permitting the wheels to rotate independently reduces 
the effect of the dynamic instability, but it also 
removes the natural curving action and some form of 
steering becomes necessary. A number of 
mechanically-based steering methods have been 
investigated (Dukkipati, et al., 1993], but using active 
control the wheels can be steered so that the vehicle 
is guided along the centreline of the track. primarily 
through feedback of the lateral displacement between 
the wheels and the rails. Although the dynamic 
instability is no longer inherent, the control system is 
still subject to the complexity which comes through 
the wheel-rail interaction mechanism and the high 
order of the mechanical system. 
where F. and T, r are the lateral force and yaw torque 
applied to the wheelset (e. g. via spring connections, 
active control, etc. ), and all other symbols (with 
values) are defined in the Appendix. 
Each equation has two contributions to the creepage. 
The first term in the lateral equation is due to the pure 
lateral velocity, the second term is that induced by the 
wheelset yaw. The first term in the yaw equation is 
the longitudinal creep induced by the conicity, and 
the second is that due to the yaw velocity. The last 
two terms in (1) and the. last in (2) provide the 
additional input to represent curving. 
Table I Dynamic modes for unconstrained 
conventional wheelset 
Speed v Mode 1 Mode 2 
(m/s) (Kinematic) 
10 1.01 Hz, -0.39% 255.2Hz, 99.99% 20 2.01Hz, -1.58% 127.7Hz, 99.98% 
30 3.01Hz, -3.53% 85.2Hz. 99.94% 
Table I gives the natural frequency and damping 
factor of the modes for the unconstrained 
conventional %vheelset at speeds of v=10,20 30 m/s. 
Notice that the wheclset kinematic frequencies are 
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only a few Hz, and it can be shown that the mode is 
unstable at all non-zero speeds. There is also a mode 
which has almost real eigenvalues at a much higher 
frequency. 
The conventional wheelset can be stabilised when 
lateral and/or yaw stiffnesses are applied. Figure 2 
plots the lateral displacement of constrained 
conventional wheelset (a lateral stiffness of 6.4 
MN/m and a 12.8 MNs/rad damper in series have 
been used here) for a typical railway curve which has 
a linear transition in curvature at both the start and 
finish of the curve. Notice the lateral displacement on 
the steady curve, which is necessary to create the 
difference in rolling radii by which curving action is 
achieved. A relatively low speed of 10 m/s is used. 
Whereas the transient created at the discontinuities 
dies away when the wheelset is constrained, there is 
an expanding oscillation on the unconstrained 
response. coeresponding to the instability identified in 
Table 1. 
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Fig. 2. Wheelset response on curved track 
3.2 Independently Rotating wheels (IRW) model 
In an independently-rotating wheelset (IRW) the 
wheels are free to rotate on the axle, and the relative 
speed of wheel rotation must betaken into account. 
Not only does the relative speed contribute to the 
longitudinal creepages, but also it is the longitudinal 
creep forces which create the relative rotation 
between the wheels (in addition to yawing the 
wheelset). 
There is *an indeterminacy with IRW, because on a 
steady curve the wheelset can either run without a 
lateral offset but with relative rotation of the wheels, 
or wich no relative rotation and the same lateral offset 
seen by a conventional wheelset, or any combination 
between these two cases. The steady-state curving 
condition can only be resolved by dynamic 
simulation, and in practice on a curve this wheelset 
will often continue to run in a straight line and only 
flange contact will force it round the curve. 
The equations of motion for the IRW model running 
along curved track can be represented by the lateral, 
yaw and rotation equations: 
)' =_y +--fl-2==-V + me + Ro -so 
(3) 
W= 
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2fiJ12 
(4) 
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There is still an instability associated with the 
unconstrained IRW, but this can readily be stabilised 
by adding yaw damping. Figures 3 dives the lateral 
wheellrail displacement, yaw angle and relative speed 
of wheel rotation of the constrained independently 
rotating wheels (a 2 kNm/rads't yaw damping has 
been used here) on curved track, where the responses 
for an unconstrained IRW are also given for a 
comparison. 
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Fib. 3. Comparison of responses of unconstrained & 
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4. KALMAN-BUCY FILTER ESTIMATION 
Kalman filtering is an optimal state estimation 
process applied to a dynamic system that involves 
random perturbations. As some of the natural choices 
for feedback used in the active steering such as lateral 
wheel/rail displacement are very difficult to measure, 
a Kalman-Bucy Filter is introduced in this section to 
enable a more rigorous estimation to be made on the 
basis of the system model and values for the process 
and measurement noises. 
It is important to recognise that there are two types of 
track input which must be considered: deterministic 
input associated with curving which have well- 
defined characteristics (as simulated in the previous 
section). and random input associated with track 
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irregularities. It is essential that any estimation 
technique is effective for both types of input; since 
the Kalman filter is principally a stochastic device the 
approach has been to develop the filter using the 
random track input, then determine how well it works 
for the deterministic input. 
4.1 Conventional Wheelset 
Trd 
), Mo inpLxc 
ABCD `MILx-d 
Cmmcn«ul 
WRc! yw dY 
u#rd., a Dvnmc, 
measurement noises are set to 5% of 3 times their 
true r. m. s. value on the straight track with 
irregularities plus the peak value on the pure curved 
track, and reducing the measurement noise will 
obviously improve the accuracy of the filter. The 
simulations have also been done by varying Qk 
(downwards and upwards), and naturally the results 
show that when Qk=Q, the Kalman-Bucy filter gives 
the best estimation for the wheel/rail lateral 
displacement. Results for the yaw angle are similar, 
with an estimation error of the order of a few percent 
of the true value. 
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........ ................... : 
Fig. 4. Kalman-Bucy Filter estimation 
Block Diagram The wheel/rail lateral displacement 
and yaw angle are-two of the system states and 
Kalman-Bucy Filter can be used to estimate them. 
The Kalman-Bucy Filter is derived from the 
conventional wheelset model and its input signals are 
the measured wheel lateral acceleration and yaw 
velocity which are much easier and more economical 
to measure in practice. Figure 4 gives the block 
diagram of this scheme, where A, B, C, D are the 
conventional wheelset state-space model matrices, Q 
is the covariance of lateral random track input, RI, R, 
are the covariance of measurement noises. K is the 
Kalman-Bucy filter gain matrix which is fixed and 
designed off-line, and Qk is the covariance of process 
noise for the filter. 
Equations 6 and 7 give the state-space and output 
equations of Kalman filter, where Ak and Ck are 
Kalman filter model state-space and output 
matrices, ý and Y are the state and output 
estimates respectively. 
X=AkX+K(Y - Y) (6) 
= C, X (7) 
Response to the Random Track Input Figure 5 plots 
the estimated wheel/rail lateral displacement for the 
system using measured lateral acceleration and yaw 
velocity as Kalman-Bucy filter input signals when the 
covariance of process noise in the Kalman-Bucy filter 
Q, equals to Q (calculated from the track power 
spectrum). and estimation errors of both are also 
shown in the Figures. The estimation error is mainly 
due to the nr, r tsurement noise. In the simulation all 
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Fig. 5. Estimated wheel/rail lateral displacement and 
estimation error 
Other options such as using either measured wheel 
lateral and yaw accelerations or yaw velocity 
measurements for the input signals to the Kalman- 
Bucy filter have been investigated. The simulation 
results are very similar and no further improvement is 
achieved. 
Response to the Curved Track Despite the good 
result for random track input, it was difficult to obtain 
a good estimation with curved track input, even when 
Qk is changed significantly. This is because the 
information about curved track has not been included 
in the Kalman-Bucy filter, and the solution is to 
reformulate the Kalman-Bucy filter model to add two 
extra states to represent the track characteristics 
(curvature and cant). The covariance of process noise 
of the Kalman-Bucy filter (Qk) then equals diag[Q 
(5 12 (5v], where ö1' and 572 arc the variance of 
curvature and cant. By tuning 812 and S2 2 in the Qk, 
the Kalman-Bucy filter estimation is much closer to 
the true value. Figure 6 plots the true and estimated 
wheel/rail lateral displacement for 612= 10"' and 
2 S2 =10" . 
It is noticeable that the estimated values are 
very close to the true values at the Qk value, and 
Figure 7 gives the error between true and estimated 
values of wheel/rail lateral displacement. 
137 
4.2 Independently Rotating Wheels 
E 
U, 
N 
ýO 
N 
_DN 
m 
N 
F- 
V- 
5 
X 10 8 
6 
4 
E2 x'11_ 
w 0 
. 2ýIý 
ýi 
-6 0 10 20 30 40 
Time (secs) 
Fig. 7: Error between true & estimated lateral disp. 
Figure 8 shows a trade-off curve between the 
maximum estimation error on pure deterministic track 
and the r. m. s. error on the random track, where 
8, Z=10-' and &2 is varied from 10-3 to 10-3 (In both 
cases the errors are given as percentages of the peak 
values). Clearly it is not possible to reduce both 
errors simultaneously and a compromise must be 
made. More recent studies indicate that this can be 
much improved by using an additional sensor 
measuring roll velocity of the wheelset. 
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While active control is used to steer the independent 
wheels to run along the centreline of the track, 
wheel/rail lateral displacement and yaw angle are 
needed. The Kalman-Bucy filter to estimate these 
parameters is very similar to that for the solid-axle 
case, except of course the model is different. 
Response to the Random Track Input Using the 
same Qk as for the solid-axle, Figure 9 gives the 
estimated wheel/rail lateral displacement on the 
random track, and estimation error is also shown to 
the figure. And results for the yaw angle gave it 
similar accuracy. 
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Fig. 9. Estimated wheel/rail lateral displacement 
and estimation error 
Response to the Curved Track Figure 10 plots the 
true and estimated wheel/rail lateral displacement 
when Qk is set to the same value as the conventional 
one on the curved track. Since the estimated values 
are so close to the true values, Figure 11 shows the 
error between true and estimated values of wheel/rail 
lateral displacement. In general the estimation 
accuracy is better for the IRW, with errors being 
almost an order of magnitude lower than for the 
solid-axle wheelset. 
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5. CONCLUSION 
This work has presented an assessment of applying 
Kalman-Bucy Filter to two railway wheelset models - 
conventional wheelset and independently rotating 
wheels. It represents a milestone on a project 
concerned with developing safety-critical measuring 
systems for actively steered/guided railway vehicles. 
The paper shows that important variables which are 
likely to be required for active steering schemes can 
be successfully estimated. Initially it was problematic 
to provide adequate performance on both straight and 
curved tracks, but the problem was solved by 
augmenting the estimator to include two track states. 
The next stages of the research are to carry out a 
thorough check of the robustness of the estimation, 
and then to examine ways in which fault-tolerance 
can be incorporated. 
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APPENDIX: LIST OF SYMBOLS 
m wheelset mass (1250 kg) 
v forward velocity 
I half gauge (0.75 m) 
I wheelset yaw inertia (700 kgrn2 ) 
Im wheel rotational inertia (100 kgm2 ) 
ro nominal wheel radius (0.5 m) 
ROB curve radius (100 in) 
0 track cant (6°) 
x conicity (0.15) 
fit longitudinal creep coefficient (10 MN) 
fu lateral creep coefficient (10 MN) 
y lateral displacement 
W yaw angle 
differential velocity of rotation of wheels 
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Abstract 
This paper presents the development of a state 
observer for a 2-axle railway vehicle with solid axle 
wheelsets. A plan view model of the vehicle is presented and 
a Kalman filter is developed to estimate 18 states from 8 
inertial measurements. The required measurements are the 
lateral acceleration and yaw velocity of the vehicle body and 
the same measurements plus the roll velocity for the two 
wheelsets, requiring three accelerometers and 
five gyros. The 
Kalman filter is formulated in such a way that it not only 
estimates all the vehicle states, 
but also calculates parameters 
such as curve radius and cant of the railway track on which 
the vehicle is travelling. Computer simulations are used to 
verify the design and to assess 
its performance together with 
an optimal controller 
developed for active steering of the 
wheelsets. 
1. Introduction 
There has been increasing interest in the use of active 
controls for the railway vehicles 
in last two decades [1]. By 
using advanced control technology and mechatronic concepts 
to replace the traditionally mechanical components of the 
suspensions, the performance of the railway vehicle may 
be 
greatly improved. 
The introduction of tilting trains is a typical 
example, where the vehicles are 
tilted inwards on curved 
tracks to allow 
faster travelling speed without compromising 
the passenger comfort. 
On the other hand, the active controls 
often require 
feedback signals that are not readily available 
and cannot be easily and economically measured 
in practice. 
The issue of obtaining accurate and reliable information of 
those signals is of 
both academic and industrial interest. An 
important emerging area of interest is to consider active 
control for the 
basic guidance function of a railway vehicle. 
At the moment this is provided mechanically by means of 
wheelsets 
in which coned wheels are connected by a solid 
axle, but there are some 
difficult trade-offs between ensuring 
stability and making sure the vehicle goes round curves 
without creating noise and wheel/rail wear. Active control 
provides the possibility both to overcome this trade-off and to 
consider much simpler mechanical solutions [1,21. 
An estimator for a single wheelset has been developed 
where Kalman filters are used [3], but this paper extends the 
work to a state estimator for a 2-axle railway vehicle with 
solid axle wheelsets. The Kalman filter is developed to 
estimate all state variables of the vehicle, particularly 
variables of the wheelset relative to the track such as lateral 
displacement and yaw angle. It also estimates the curvature 
and cant of the railway track on which the vehicle is 
travelling. The filter output is used for an optimal controller 
developed for the active steering of the wheelset of a 2-axle 
vehicle [4], but it may also be used to provide feedback for 
other control approaches. 
2. Modelling of a 2-Axle Vehicle 
Figure 1 shows a plan view of the 2-axle vehicle, 
which mainly consists of a vehicle body and two wheelsets. 
Bogies are removed and the wheelsets are mounted onto the 
vehicle body via the springs and dampers in the lateral 
direction. No longitudinal springs or dampers are shown, 
although in practice some form of longitudinal connection is 
Wheelset 
Torque Input 
Frame/vehicle body 
Figure 1. Plan View of a 2-Axle vehicle 
needed to transmit traction and braking forces from the 
wheels to the vehicle body. The torque input shown in the 
diagram can be from a passive component to stabilise the 
system or an actively controlled actuator. The conventional 
wheelset for the railway vehicle is composed of two coned (or 
otherwise profiled) wheels rigidly fixed to a common axle. 
This arrangement has the advantages of natural centring and 
curving, but when unconstrained it also exhibits a sustained 
oscillation in the lateral plane often referred as the "kinematic 
oscillation" of the wheelset or "wheelset hunting". The 
dynamic properties of a solid axle wheelset are largely 
dominated by creepage forces at the rail/wheel contact 
point(s), which are now well understood [2,5]. The plan view 
model of the vehicle can be represented by equations 1-6, 
where all variables are related to the local track references. 
This enables the large deterministic track features to be 
represented by moving the local axis system, and allowing for 
the effects of the axis movements directly on the associated 
masses (a standard technique for multi-body system 
modelling). All symbols and parameters used in this paper are 
given in appendix. The equations are all linearised, because in 
practice substantial non-linearities exist, particularly when 
curves are being negotiated. The use of linearised models is 
justified, because the estimator is being developed for active 
steering schemes that are able to improve performance on 
curves in a manner which considerably reduces the effects of 
non-linearities. 
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It is clearly indicated in the equations that the variables 
of railway vehicle are 
highly interactive and form a complex 
MIMO system. For the purpose of system analysis and 
control design, it may 
be desirable to derive a state space 
representation from the equations above 
[4]: 
X=A. x+B"u+r"w (7) 
Where 
x=[;, Y., d.. 0., ;. Y. d.. 0. ;. Y, 6, O'T 
T 
u=ýTWL TW2 
w= [11 R1 0 ,1 Yet 
1/ R2 0C2 Yr2 r 
Matrices A, B and r can be easily derived from 
equations 1- 
6. 
3. Design of Kalman Filter 
In principle, a Kalman filter can be designed based on 
equation 7 with an output equation to represent the 
measurements. A problem is that all signals of the vector w 
are related to the track on which the vehicle is travelling and 
they are not readily known, while u can be provided by the 
controller used. The measurement of those track parameters is 
not a feasible solution in practice and it would defeat the 
objectives of the state estimation. Therefore it is necessary to 
re-formulate the state equation for the design of Kalman filter 
such that w is treated as part of the state vector rather than 
input signals. The re-formulated state equation is given in 
equation 8. 
In the equation, the lateral displacements of the 
wheelset and vehicle body (y,,, yw2' y, ) are replaced by their 
relative deflections to the track lateral displacements, i. e. y. 1- 
y,,, YWr Ya and y, -(y,, + yr2)/2 respectively. Thus the matrices 
A and 1' in equation 7 are modified accordingly to obtain A', 
I'1 and I'2 above. This is because any controller developed for 
the active steering will be required to control the vehicle to 
follow the track and thus would be very likely to use the 
relative deflections as part of the feedback. (1, aý,, and 4-3 
for the track variables in the matrix Ak are small time 
constants added to enable a solution of the filter gain, which 
ideally should be set to zero for the pure integrators. The 
derivatives of the track irregularity are considered as the 
white (input) noises in the design. 
Xk = Ak ' 
Xk +Bk * Uk + 
rk * Wk 
where 
ý=i 
Ywi 
YvI -yll 
j., 
Bam, 
X2 
Yw2 -Y12 
0, 
ewz 
Y, 
Y, -(Y, 1 +Ya)/2 
Yn 
Y, 2 
1I! 
Od 
1/R, 
02 
T1 
Uk _ 
[Tw2 
yl' 
yt2 
Wk - 
BC, 
1/R2 
B,., 
A' r, 
Aý 0 diag(aof,, wf,, wf2, awJ3, awf2, w13) 
_B rk = 
r2 o B00 
16x6 
Various measurement options have been investigated 
in this study. It has been found that eight sensors (three 
accelerometers and 
five gyros) will be sufficient for the 
Kalman filter. The accelerometers are used to measure the 
lateral accelerations of the body and the two wheelsets 
respectively, and three of the 
five gyros are used to measure 
the yaw velocities of the vehicle 
body and the wheelsets 
respectively. 
The other two gyros measure the roll velocities 
of the two wheelsets respectively. 
The output equation for the 
measurements 
is given in equation 9. 
Yk = Ck ' 
Xk +Dk ' Uk ý' V (9ý 
where Ck and Dk can be easily tormed using rows 
1,4,6,5,8,9,12,16,18 of Ak and Bk respectively, v is a vector 
representing the measurement noise levels of the sensors. 
Equations 8 and 9 now provide what is needed to 
design the Kalman filter and calculate its gain matrix Lk[6] 
and the estimated states may be calculated using equation 10. 
Xe =J 
(Akx. 
+BkUk +Lk(ym -CkXC -DkUk)* (10) 
By tuning covariance matrix for the track noises 
Qk=diag(gtrack, gtrack, grurv, q, ant, qjurv, gcant), the performance 
and robustness of the Kalman filters can be thoroughly 
studied. gtraek can be readily set to the covariance value of 
irregularities of the track lateral velocity, however the values 
of q,.,,, and q,.,,,, t need to be tuned on line and the best 
estimation results are obtained at q,,,,,, =10-9 and q, a,, t =10-10. 
4. Simulation and Analysis 
In the simulation of the system, the vehicle is 
controlled by an optimal control developed previously for the 
active steering [3] and the estimator output of the Kalman 
filter is used to provide feedback signals required by the 
controller. A block diagram in Figure 2 illustrates the 
structure. 
Track input 
Vehicle model 
Equations. I 
Sensors 
Ym 
u xý Optimal Kalman Filter 
Controller 
Figure 2. Diagram of the control structure 
To study the responses of the Kalman filter and 
actively controlled vehicle on different tracks, both 
deterministic and random track inputs are used in the 
simulation. The deterministic track used is a typical high 
speed curve, including a transition lasting around one second; 
the random track is derived from a filtered white noise 
generator to give an appropriate power spectrum for the 
lateral deviations. Note also that the track is canted during the 
curve to reduce the lateral acceleration experienced by the 
passengers. 
Figure 3 shows the estimated lateral displacement 
(wheel-rail) and the estimation error of the leading wheelset; 
a similar result is obtained for the trailing wheelset. Clearly 
the Kalman filter estimates the wheel-rail lateral deflection 
very well and the small error is mainly due to the 
measurement noise. In the simulation all measurement noises 
are set to 5% of their maximum values, which is determined 
by taking 3 times their true (rms) value on the straight track 
with irregularities, plus the peak value of their responses on 
the pure curved track. Reducing the sensor noises will 
obviously improve the accuracy. Figure 4 gives the estimation 
of the angle of attack and the estimation error and Figure 5 
shows the lateral velocity of the leading wheelset and 
estimation error respectively. The estimation errors are quite 
low, but on both figures there is a noticeable low frequency 
component of the estimation errors, the cause of which is 
being investigated. 
Figure 6 compares the actually track curvature (1/R) 
with the curvature estimated by the Kalman filter. A very 
close match is achieved, even though the track deterministic 
features are strictly not part of the vehicle dynamics. A 
similar result is obtained for the cant angle of the track. 
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Figure 4. Angle of attack of the 
wheelset and estimation error 
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Figure 6. Track radius (1/R), true 
and estimated 
5. Conclusion 
This paper has presented the modelling for a 2-axle 
railway vehicle and a state observer using a Kalman filter. 
Eight sensors (5 accelerometers and 3 gyros) are used to 
estimate a total of 18 state variables. A important feature of 
the work is the need to ensure that the estimator operates 
effectively both with the random inputs on straight track, and 
when negotiating curves. To meet this requirement, the 
Kalman filter has been formulated in such a way that it not 
only estimates the variables related to the vehicle dynamics, 
but also it provides accurate information of the track on which 
the vehicle is travelling. 
The performance of the Kalman filter has been 
evaluated by using computer simulations, where output of the 
Kalman filter is used as the feedback signals of an optimal 
control for active steering of the vehicle. It has been 
demonstrated that the Kalman filter gives very good 
estimations of all the variables including the track features. 
When compared with ideal feedback, the performance of the 
optimal controller is very little affected by the observer. 
4 
Time (s) 
Figure 3. Lateral displacement (wheel- 
rail) and estimation error 
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Appendix: Symbols and Parameters 
y",, yw2, y, Lateral displacement of leading, trailing 
wheelset and vehicle body 
0,,, 1,0w, 2,0, Yaw displacement of leading, trailing 
wheelset and vehicle body 
V. Vehicle travel speed (83.3 m/s or 300 
km/hour) 
M. I. Wheelset mass (1250 kg) and Yaw inertia 
(700 kg m2) respectively 
ja, L,, Half gauge of wheelset (0.7 m) and Half 
space of the vehicle (4.5 m) 
rot Wheel radius (0.45 m) and conicity (0.2) 
respectively 
m,,, I, Vehicle mass (30,000 kg)and yaw inertia 
(558,800 kg m2) respectively 
K C, Lateral stiffness (511 kN/m) and damping 
per wheelset (37 Ws/m) respectively 
fýI, f22 Longitudinal and lateral creepage 
coefficients (10 MN) 
R,, R2 Radius of the curved track at the leading 
and trailing wheelsets (1000 m) 
Bel, °c2 Cant angle of the curved track at the 
leading and trailing wheelsets (0.6) 
ytl, ya Track lateral displacement (irregularities) 
Two, Tw2 Controlled torque for leading and trailing 
wheelsets respectively 
g Gravity (9.8 m/s2) 
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Solid Axle and Independently-Rotating Railway 
Wheelsets -A Control Engineering Assessment of 
Stability 
ROGER GOODALL ' "* and HONG LI + 
SUMMARY 
Block diagram representations of both conventional uheelsets and wheelsets with independently-rotat- 
ing wheels are developed, with the objective of giving insights from a control engineering viewpoint 
for studies of actively-controlled wheelsets. The analysis predicts a quasi-kinematic oscillation with 
independently-rotating wheels which has not been reported before. It also identifies possibilities for 
control approaches which might be used to stabilise a wheelset without affecting steady-state curving 
performance. 
1. INTRODUCTION 
The kinematic and dynamic characteristics of railway wheelsets are now well 
understood and passive solutions for stabilisation are well established [1,2]. 
However, the increasing interest in the idea of actively-controlled wheelsets gives 
a new perspective to the possibilities for achieving stability [3-6], and it is 
therefore valuable to re-interpret the dynamic equations in a manner which will 
facilitate a control engineering approach. This article presents the unconstrained 
wheelset equations in a block diagram form, illustrating the feedback action 
created by a combination of creep and conicity. It then identifies a re-structuring 
and simplification from which the basic kinematic oscillation can readily be 
predicted. and also helps to expose the issues relating to stabilisation through 
passive means. The analysis is extended using a similar approach to a wheelset 
with independently rotating wheels, including the effect of longitudinal creep upon 
the relative speed of the two wheels. 
An additional understanding of the wheelset's dynamic characteristics is con- 
tributed. including an analysis of an unconstrained wheelset with independently- 
rotating wheels. The latter demonstrates a quasi-kinematic instability, which 
Corresponding author. E-mail: r. m. goodall@lboro. ac. uk 
Dept. of Electronic and Electrical Engineering. Loughborough University, Loughborough, LEI I 
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appears to contradict the received wisdom that the use of independently rotating 
wheels removes the inherent instability of a solid-axle wheelset. 
Finally, some possibilities for active control laws are proposed from a concep- 
tual viewpoint, and these insights may help to guide researchers who are investi- 
gating methods of active steering. 
2. CONVENTIONAL SOLID-AXLE WHEELSET 
A railway wheelset's characteristics are determined by the creep forces at the 
wheel/rail contact point combined with the coning of the wheels. Without the 
coning, i. e., a purely cylindrical profile on the wheel treads, there is no natural 
, steering action, 
but the "mechanical feedback" provided by the conicity creates 
instability. This is overcome on conventional railway vehicles using springs 
connected from the wheelset to the bogie or between wheelsets within a bogie. 
The problem is that these stabilising springs interfere with the natural steering 
action, and a great number of mechanical configurations have been used to try and 
obtain the best compromise between stability and curving. 
The analysis which follows concentrates upon a single wheelset, not of course a 
practical possibility, but an important starting point for a re-evaluation of wheelset 
dynamics to take full advantage of the prospective benefits offered by active 
control. 
The basic wheelset equations on straight, level track are as follows: 
-2fßy+2f22ý+F, (1) 
my mm 
-2fýýýýºy_ 2f, 1/2 a I, y ro I,, v lý 
in which the variables y and !s are the wheelset lateral and yaw displacements, 
and F, and T. are the lateral force and yaw torque applied to the wheelset (e. g., 
via spring connections, active control, etc). 
Each equation has two contributions to the creepage. The first term in the 
lateral equation is due to the pure lateral velocity, the second term is that induced 
by the wheelset yaw. The first term in the yaw equation is the longitudinal creep 
induced by the conicity. and the second is that due to the yaw velocity. 
The parameters, with typical values, are as follows: 
ºn = wheelset mass (1250 kg) 
1 = wheelset yaw inertia (700 kgm2) 
/6 = rotational inertia (per wheel) (100 kgm2) 
jig = longitudinal creep coefficient (107 N) 
J1.2 - lateral creep coefficient (107 N) 
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Fig. 1. Block diagram representation of wheelset equations. 
r = wheelset radius (0.5 m) 
!= half gauge (0.75 m) 
11= conicity (0.15) 
speed 
It is possible to represent these equations in block diagram form, as shown in 
Figure 1, which indicates clearly the interaction between the lateral and yaw 
degrees of freedom. 
The diagram can be re-drawn with the two equations represented in a cascaded 
arrangement, as shown by Figure 2. The "input" has been indicated as the lateral 
force F, because the ideal is to provide stability mainly through a lateral control 
force, (The use of a yaw torque is possible, but unless the steady-state yaw torque 
on a curve is zero then the basic steering action provided by wheelset will be 
compromised). The immediate "feedback" terms around the lateral and yaw 
integrations have been converted into first order blocks, and now the main 
"mechanical feedback" loop via conicity and longitudinal creep can clearly be 
F, 
Fig. 2. Re-drawn block diagram. 
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seen - the yaw angle variable has been shown as negative so that the feedback also 
becomes negative. 
2.1. Stability Assessment 
Consideration of the two first order blocks shows that their break frequencies are 
2 f, 2/mv and 2f, i 
/2/1u for the lateral and yaw blocks respectively, and at a 
speed of 20 m/s these both occur at around 120 Hz. A good approximation is 
therefore to neglect the poles associated with each of these first order blocks, 
because wheelset kinematic frequencies are typically only a few Hz, and this leads 
to the simplified diagram given in Figure 3. 
This diagram now readily reveals the reason for the undamped oscillation 
experienced with an unconstrained wheelset at low speed, because there are two 
integrators each contributing 90° of phase lag within a negative feedback loop. The 
open loop frequency response could be plotted on one of the diagrams used to 
assess control system stability (e. g., Bode, Nyquist, etc. ), but the situation can be 
assessed by inspection of the "open loop" transfer function, which is given by 
v 2fiI/'A v irA r F(Sj 
2f22 s ro 
" 2fß1f"S 
2fzz a 
rn1sz `3 
N. B. The fact that this simplified "loop transfer function" involves geometric 
parameters only, and is independent of the wheelset mass, the wheelset inertia and 
the creep coefficients, confirms the kinematic nature of the dynamics being 
represented. 
At a frequency of 
ý(u2A/ro l) there is unity loop gain with 180° of phase lag. 
The oscillatory frequency given by this expression is therefore proportional to 
vehicle speed. e. g., a value of about 2 Hz when the speed is 20 m/s. Of course, 
the small additional phase lag associated with the two first order blocks which 
have been neglected will in fact result in an instability, rather than just an 
oscillator). response. A comparison of the exact and approximate kinematic 
characteristics at different speeds is given in Table 1, in which the exact values are 
for those for the kinematic modes which arise from Eqs. (1) and (2). It can be seen 
that the frequencies correspond extremely well, which confirms the approxima- 
F, yI 'W 
-"l*: J-ý 2 fy r2 fT "r 
2 r2 
Fig. 3. Simplitirl u heelset diagram. 
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Table 1. Comparison of exact and approximated kinematic modes - conventional wheelset. 
Speed V (m/s) Exact Approximate 
Freq (Hz) Damping Freq (Hz) 
10 1.007 -0.39% 1.007 
20 2.012 -158% 2.013 
50 4.964 -9.55% 5.033 
tions made, and the small negative damping values from the exact analysis 
quantify the effects which have been neglected in the approximate analysis. 
It is also clear from Figure 3 that lateral and/or yaw stiffness will provide 
stability, as indicated by KY, and K. on Figure 4. Their effect is to convert the 
integrators into first order terms, each of which then has a phase lag of less than 
90°. Note that the addition of damping will only affect the higher frequency 
modes, therefore having no significant effect upon kinematic stability. The lateral 
stiffness works out to be 6.3 MN/m to give a damping of 25%, to a first order 
independently of speed, and the corresponding value for the yaw stiffness works 
out to be 3.6 MNm/rad. 
Alternatively, a control engineer's approach might be to add a derivative term 
into the control loop, most straightforwardly accomplished by adding a lateral 
force proportional to yaw velocity, shown dotted on Figure 4. Another option is to 
add a yaw torque proportional to lateral velocity. Neither of these approaches can 
readily be achieved by passive means, but are possible with active control. 
2.2. Wheelset Connected to a Secondary Mass 
Of course the mechanical stabilisation by lateral or yaw stiffness shown in Figure 
4 is not possible because this requires connection to an absolute datum, so it is 
necessary to consider a secondary mass (e. g., a bogie frame or the vehicle body). 
The modified scheme with a lateral spring and damper from the wheelset to a 
secondary mass is illustrated in Figure 5 (a yaw connection is also possible, but as 
F, 
Fit. 4. Simplified wheelset diagram - with passive and active stabilisation. 
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F, 
Fig. 5. Simplified diagram with secondary mass. 
stated earlier the ideal is to stabilise through some form of lateral force only, so as 
to avoid compromising curving performance). 
There is now a fundamental problem: Although in principle a stiffness can be 
added to an inertial reference such as a secondary mass, it is clear that this will 
only be effective at stabilising the wheelset if the secondary mass is effectively 
decoupled at the wheelset kinematic frequency, i. e., the secondary lateral fre- 
quency is significantly lower than the kinematic frequency. Choosing a secondary 
frequency of 1 Hz with a (half) body mass of 10 tonnes results in a lateral stiffness 
of around 0.5 MN/m, an order of magnitude smaller than the value calculated in 
the previous section, and therefore no use for stabilisation purposes: Only an 
impracticably large mass would result in a high enough frequency. It is of course 
well accepted that yaw stiffness, either from wheelset to wheelset or from wheelset 
to body. is necessary to achieve stability - but this deteriorates the curving. 
It is therefore interesting to consider the "control engineer's approach" 
mentioned previously, i. e., to add phase lead by means of a lateral force propor- 
tional to yaw velocity. Using the criterion of providing 25% damping at a speed of 
50 m/s requires a damping constant C, of around 316 kN per rads-1. This value 
can be compared with the corresponding quasi-static curving force on a 10 tonne 
secondary mass, i. e., Mut/R, where R is the curve radius. This can be written as 
Mvo , where ai = v/R is the angular velocity about a vertical axis 
due to curving, 
and therefore under steady-state conditions is equal to dpi/dt. We can therefore 
evaluate the curving force as 104 x 50 xd vi/dt, i. e., 500 kN per rads- I of yaw 
velocity. In other words the stabilising force is rather less than the quasi-static 
curving force. 
With this method the lateral stabilising force will also be imposed upon the 
secondary mass in response to wheelset yaw, and a full dynamic analysis assessing 
straight line performance would be necessary to clarify the effect of this stabilising 
force on the ride quality of the secondary mass. 
In general this article has attempted to avoid using a yaw torque for stabilisa- 
tion, but the other option mentioned earlier is to use a yaw torque proportional to 
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lateral velocity; this is feasible because under steady-state conditions on a curve 
there will be zero yaw torque which will not therefore interfere with curving, and 
is therefore worth further consideration. 
3. WHEELSET WITH INDEPENDENT-ROTATING WHEELS 
The use of wheelsets having independently-rotating wheels has been of interest to 
railway engineers for many years [7,8]. The natural steering action of the wheelset 
is lost which means that some sort of steering action is necessary to keep the 
wheelset appropriately aligned on a curve. Also it is usually stated that the 
kinematic instability disappears, but this article will show that this is in fact not the 
case, although the instability is without doubt much easier to overcome than with a 
solid-axle wheelset. 
In order to allow for the rotation of the independent wheels without also 
representing the longitudinal motion (which in any case can reasonably be 
assumed to have a constant speed), an extra state d¢/dt is introduced to represent 
the relative angular velocity between the wheels, i. e., such that the angular 
velocities cut. and mR of the left and right wheelsets are given by 
mL - u/ro + d(k/dt. wR = u/ro - dcf/dt (4) 
The rate of change of this extra variable is caused by the longitudinal creep forces; 
also the relative angular velocity itself contributes to the longitudinal creep, 
meaning that Eq. (2) for yaw acceleration is modified to include an extra term. 
+ 
2f, 11 
Iyu 
and the additional equation for the new variable is 
fiiA fii1ro fIIr, 
ý6) Y+ I&u +ý - Iý u 
in which the only additional parameter is the wheel rotational inertia 10. 
The corresponding extra portion to be added to the block diagram model (Fig. 
1) is given in Figure 6, in which T4, is the yaw torque due to the extra creep which 
is induced by the relative rotation of the wheels. 
The "feedback" term around the integration whose output is do/dt can be 
re-expressed as 
I« 
sly cý 1 
fi rö rn l+ srý 1+ 
slm u 
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dy 
Fig. 6. Block diagram of additional terms for wheelset with independent wheels. 
where T. =10u/ff I rö 
(typically a small value = 1-2 ms). (Note that approximat- 
ing T# to zero cannot be done at this stage - the approximation has to be carried 
out in the context of the complete block diagram. ) 
The contribution to T. from y can hence be derived as 2f, , A//(ro(1 + sr')) 
and the contribution from day/dt as 2f! 2/(u(1 + sr#)). 
It is therefore possible to add two extra blocks to the basic block diagram of 
Figure 1, as shown in bold in Figure 7. The first term acts in parallel with the 
2f, 1 A. 1/r term, the net effect of the two being 
2fA! sr, 6 _ 
2f, IA/ 
r, 1 +sr, rp 
sTý ý8ý 
Fig. 7. Block diagram representation of wheelset equations for independent wheels. 
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The second acts in parallel with the 2f, 12/u term, giving a combined effect of 
2J 
11 
/2 ST, 
u1+ STS 
ý9ý 
which when combined as a feedback around the wheelset yaw integration block 
I//,,, s gives 
U(1 +ST4, 
) 
S 10 L +2flI/2r 
) 
+SI"VT"I sz L'+2f1I, * 
ZT, 
6 1 
(10) 
The approximations given with both expressions (Eqs. (8) and (10)) arise because 
the small value of T,, leads to small higher order denominator terms which can be 
neglected (the first order and second order terms respectively), and it is possible to 
develop an equivalent to the approximated solid-axle diagram (Figure 3) for 
independently-rotating wheels - see Figure 8. It is now relatively straightforward 
to derive an "open loop" transfer function 
AV2 Is 
Cr röly s` 
1+2/21" 
The s term on the numerator has not been cancelled with one on the denominator 
because this shows the indeterminacy of the response which arises through the 
independent rotation of the wheels, e. g., it is possible to run centrally on straight 
track with no speed difference between the wheels, or with a lateral offset and a 
non-zero relative speed. 
Notwithstanding this, the equation still shows a kinematic effect, in which the 
frequency is the conventional wheelset kinematic frequency times a constant 
which depends upon the ratio of the yaw and rotational inertias, and we can write 
that the kinematic frequency f; with independently rotating wheels is given by the 
F. YW 
v 2f_u v 
f%2f.: s to 
ý 
(wv ý jýý 
" 
L-F2 
fL 
Fi; _. S. Simplified diagram for wheelsct with independent wheels. 
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Table 2. Comparison of exact and approximated kinematic modes - independent wheels 
Speed V (m/s) Exact Approximate 
Freq (Hz) Damping Freq (Hz) 
10 0.63 -0.17% 0.63 
20 1.259 -0.69% 1.268 
50 3.139 -4.26% 3.17 
following expression, where f. is the frequency for a conventional solid-axle 
wheelset: 
, 
(12) 
F-r2 
fi=. f 
m 
Normally of course any expression involving inertias or masses would not be 
considered to represent a kinematic effect, but in practice the ratio between the 
two inertias is essentially a geometric property. For example, if all the mass of the 
wheelset is contained at the wheel rim then it works out that /. = mr2/2 and 
!y= ml i. e., the factor r/y/(2021 is 1, irrespective of the actual inertia 
value, confirming that this is indeed a kinematic effect. Using typical values for 
wheelset yaw and rotational inertias gives f=0.63 f_ 
Confirmation of this analysis is given in Table 2, in which the actual frequen- 
cies and damping from an eigenvalue analysis of the basic wheelset equations 
modified in accordance with Eqs. (5) and (6) are compared with the values 
calculated from Eq. (12) over a range of vehicle speeds. 
It is also interesting to use the insight provided by the model to consider what 
might stabilise this mode. One thing which will not work is damping between the 
wheels - this simply increases the value of r,,. Stiffness in the lateral direction will 
have a similar effect to that for a conventional wheelset, and hence will suffer 
from the same disadvantages identified in Section 2.2. However stabilisation using 
yaw restraint is this time provided by damping rather than stiffness, which is 
significant because this will not affect steady-state curving. Of course some Corm 
of (control) action is required to provide steering, but the important thing is that 
the restraint required to stabilise the wheelset is not in conflict with the provision 
of cursing, unlike the situation which exists with the conventional wheelset. 
4. CONCLUSIONS 
As observed earlier, an unconstrained wheelset is not a practical situation to 
consider, but the motivation for the study has been to provide a sound basis for 
achie\ ing a fundamental understanding of wheelset dynamics for active control 
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purposes. One result is that it has identified active control possibilities for 
stabilising a conventional solid-axle wheelset without affecting curving, and 
strategies based upon the insights provided are being investigated further in order 
to determine the stability and curving performance for a complete vehicle. 
The analysis of an unconstrained wheelset with independently rotating wheels 
has yielded an interesting result, i. e., that there is a kinematic oscillation, occurring 
as a consequence of the dynamic coupling via inertial effects. The significance is 
twofold: firstly, it is contrary to the received wisdom that the use of indepen- 
dently-rotating wheels actually removes the kinematic instability of a conventional 
wheelset; secondly, it provides a cautionary note for proponents of active steering 
schemes that the provision of the steering function alone is not sufficient. 
Fortunately it appears that this kinematic instability can be readily stabilised 
without detracting from curving performance, but awareness of the effect is 
nevertheless essential for formulating effective control laws. Research is continu- 
ing to develop such control laws for independently-rotating wheelsets within a 
complete vehicle. 
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ABSTRACT 
This paper presents a high integrity controller 
providing safety critical active steering of wheelsets on 
future railway vehicles. 
The paper presents the fundamental dynamics 
governing wheelset behaviour, and provides an active 
control scheme to steer the wheelsets providing 
performance and ride benefits over conventional 
vehicles. The issues associated with safety critical 
control for such a system are discussed and a proposed 
solution is presented. 
The performance of this safety critical active control 
scheme in the event of sensor failures is evaluated 
through computer simulations and some preliminary 
results are included. 
1. INTRODUCTION 
Future railway vehicle configurations, will make the 
achievement of required performance levels more 
difficult to meet. A good example of this is the interest 
in using two-axle vehicles, which offer good potential in 
terms of reduced vehicle weight and mechanical 
complexity. However, the trade-off between running 
stability and curving performance is significantly worse, 
and purely passive solutions become difficult, if not 
impossible, due to the increased yaw angles required for 
wheelsets during curving. Active solutions are feasible, 
but for such systems to be practical they must not only 
meet performance criteria in terms of ride quality, 
stability and curving, they must also meet reliability 
levels and be demonstrably 'safe'. 
This paper describes a safety critical active steering 
scheme. A particular feature of the system is the use of 
Kalman filters to estimate feedback signals for the 
control system and for fusing measurements from 
multiple sets of sensors. Various types of sensor faults 
are possible, varying from gross defects which can 
usually be identified "up-front" using threshold 
comparisons, through to more subtle or slowly 
occurring faults which are best detected by a model- 
based approach. The paper also analyses the system 
performance in the event of reconfiguration to avoid 
system failure following various types of faults. 
The two-axle vehicle configuration with active steering 
is considered in this paper, but before discussing the 
actual control schemes in detail it is important to 
understand the fundamental dynamics of the wheelset as 
these help explain the rationale for active steering 
control. 
Wheelset Dynamics 
A conventional railway wheelset consists of two coned 
or profiled wheels, rigidly fixed to a common axle, sec 
Figure 1. An unconstrained wheelset will traverse 
curves naturally, as the wheelset runs onto a curve it 
moves laterally outwards, and the increased rolling 
radius caused by the coning of the wheels makes the 
outer wheel progress faster than the inner wheel, 
thereby traversing the curve without running hard onto 
the flange. An important effect occurs if the wheelset is 
rolling along a track and is displaced laterally. The 
difference of the rolling radii forces the wheelset to yaw 
inwards so that the wheelset will turn back towards the 
track centre-line, cross it and overshoot to the other 
side. The wheelset will follow a sinusoidal path along 
the track, this is known as wheelset hunting and is a 
kinematic oscillation. The unconstrained wheelset is 
therefore dynamically unstable, and it is usual to have 
pairs of wheclsets in bogies, with longitudinal and 
lateral constraints (usually springs) to ensure that this 
dynamic instability occurs at a speed higher than the 
vehicle's maximum design speed. The effects of these 
constraints is to degrade the natural curving action, and 
there is a critical and difficult trade-off between stability 
and curving in the design of the wheelsets and bogie 
[Illingworth and Pollard, 1982]. 
Flange ^ý -Coned I wheel 
Solid axle 
Rolling 
radius 
Figure. 1. Conventional Solid Axle Wheclsct 
The operation of a wheclset is complex because the 
speed difference or "creepages" in the lateral and 
longitudinal directions create "creep forces", and it is 
these forces applied to the wheclset which both provide 
guidance and create the instability [Wickens, 19691. The 
equations of motion for a conventional wheelset 
(excluding track irregularities) can be represented by the 
lateral and yaw equations: 
y__ 
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where Fy and T. are the lateral force and yaw torque 
applied to the wheelset (e. g. via spring connections, 
active control, etc. ), and all other symbols are defined in 
Table 1. 
y Lateral displacement of wheelset 
V Yaw displacement of wheelset 
v Vehicle speed 
m, I Wheelset mass and Yaw inertia 
I Half gauge of wheelset 
ro, X Wheel radius and conicity 
f 1, f22 Longitudinal and lateral creepage coefficients 
Ro Radius of the curved track 
0 Cant angle of the curved track 
g Gravity (9.8 m/s2) 
Table I Wheelset Symbols 
2. TWO-AXLE VEHICLE CONFIGURATION 
Wheelset 
Torque Input 
Vehicle body 
Alý 
A two-axle vehicle is used in this study and the 
parameters of the vehicle scheme are based upon the 
requirements for future high speed passenger vehicles 
having a design speed of 300 km/h, the vehicle being 
16m long and 9m between axles. Figure 2 shows a plan 
view of the vehicle and it consists of a vehicle body, 
with two wheelsets connected to the body via lateral 
suspensions. No longitudinal springs or dampers are 
shown, although in practice some form of longitudinal 
connection is needed to transmit traction and braking 
forces from the wheels to the vehicle body. 
It should be noted that this vehicle contains no bogies 
and this represents one of the major weight saving areas 
with this new configuration. 
A typical passive vehicle would also consist of 
longitudinal springs connected from the wheelsets to the 
body of the vehicle to overcome the 'wheelset hunting' 
problem, however this added yaw stiffness is well 
known to deteriorate wheelset performance on curves. 
With active controls, it is possible to stabilise the system 
without compromising the curving performance and this 
may be realised by applying either a yaw torque as 
shown in Figure 2 or a lateral force between the body 
and the wheelset [Goodall and Li 1999]. 
The plan view model of the vehicle can be represented 
by the equations contained in the appendix, where all 
variables are related to the local track references. 
The track inputs comprise two distinct types: 
deterministic inputs and random inputs. Reconciling a 
controller design to accommodate both these input types 
effectively is a non-trivial problem. The deterministic 
track input used for high speed trains (up to 300 ! an/h) is 
defined as a curved track of radius 3500m with a cant 
angle of 6° to give a cant deficiency which is also 6°, i. e. 
that which is experienced by passengers. Transition 
sections are included at both ends of the curve having a 
1 second duration. A second deterministic track input is 
used for low speed (25 m/s) curves, where the curvature 
radius is 300m, again with 6° of cant and cant 
deficiency. The random track, representing the 
roughness of a typical main line, is derived from a 
filtered white noise generator to give an appropriate 
spatial power spectrum (ArI f, 3) for the track lateral 
position. 
3. ACTIVE STEERING CONTROL STRATEGIES 
A number of active steering control strategies have been 
studied, including optimal control [Mei and Goodall 
1999], robust controllers and modal control strategies 
[Mei and Goodall 1999]. It is the last group that has 
been used to implement the active steering scheme in 
this study, and will be described in more detail in this 
section. 
An analysis of the dynamics of a wheclset has shown 
that passive damping does not assist with stability, but 
that there are two types of active damping that will give 
stability for a solid axle wheelset [Mci and Goodall 
1999]. The application of a yaw torque between the 
vehicle body and each of the wheelsets proportional to 
the lateral velocity of the wheelset will provide stability, 
and this is known as active yaw damping. The other 
active damping approach is to apply a lateral force 
proportional to the yaw velocity of each wheelset, and 
this is termed active lateral damping. 
To obtain the natural curving action of the solid axle 
wheelset, the feedback required for the active controls 
should be the yaw and lateral velocities of the wheelset 
relative to the track central line. These are of course 
difficult to measure directly in practice, but a Kalman 
Filter has been used in this study to estimate the 
parameters required by the controller. 
The design of the controller for the complete vehicle is 
described in the paper by Mel and Goodall [ 1999], and 
so is only summarised here. Figure 3 shows the essential 
form of the modal control scheme. 
The required signals for the controller are estimated by 
a Kalman Filter, which is embedded in the sensing 
system block, and this is described in section 5. The 
sensing system produces yaw and lateral velocities 
relative to the track centre line for each of the wheelsets. 
These signals are decomposed to give feedback signals 
required by the lateral and yaw controllers respectively, 
and the output signals from the two controllers are then 
recombined to control two actuators for the two 
wheelsets accordingly. Therefore the lateral and yaw 
controllers can be developed individually, at least as far 
as the stability is concerned. Also, since the track inputs 
to the two modes are substantially different once the 
time shifted inputs at the front and rear have been 
converted into modal inputs, it also opens up the 
possibility for quite different control characteristics into 
the two modes. 
Railway Sensing 
Vehicle System 
wheelsets 
Trac Inputs Measurements 
from wheelset 
Lateral 
controller 11 
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Yaw 
controller 
Figure 3. Modal Control Diagram 
4. SAFETY CRITICAL REQUIREMENTS 
The provision of high quality high integrity 
measurements is important for the practical 
implementation of any of the control strategies. 
However, before the level of sensor, processor and 
actuator redundancy can be determined, and the overall 
system architectures designed, it is essential to 
understand the requirements for the active steering 
system. 
Active steering will require a high level of fault 
tolerance to meet requirements for both safety and 
operational performance. The aerospace industry has 
considerable experience of active control technology, 
fly-by-wire being the prime example, and the 
operational and safety requirements are well 
established. However, this is not the case for the railway 
industry. There have been some experimental 
investigations into active steering, but at this stage they 
remain largely a theoretical possibility. Consequently, 
the specification of operational performance 
requirements, which are qualitative, are difficult and 
therefore the focus of this work is on the safety 
requirements, which are quantitative. 
This section proposes some preliminary requirements, 
but more importantly identifies some principles and 
techniques that can be used to produce design 
frameworks for fault-tolerant architectures for the 
various active steering schemes. 
At this stage it is important to define terminology, in 
particular to distinguish between faults and failures. It 
is inevitable that faults will occur in components and 
sub-systems, but the engineering problem is to avoid 
system failures. Fault-tolerance is therefore concerned 
with ensuring that the probability of some combination 
of these faults causing a failure is at a sufficiently low 
level. Wherever a single fault could cause a failure, it is 
necessary to assess the probability of the occurrence; if 
this is above the acceptable level defined for the system, 
then some form of redundancy is necessary. 
The fundamental requirement is for the system to be 
fail-safe, i. e. any single fault will not result in an unsafe 
condition, although reduced performance may be 
acceptable. This also presumes that the existence of the 
fault can be detected such that remedial action can be 
taken before another fault occurs. If operational 
reliability requirements were known, then further 
redundancy may be needed in order to meet the defined 
target. 
5. FAULT TOLERANT CONTROL 
A triplex system enables a single fault to be detected 
and isolated, and allows the system to be reconfigured 
providing continued performance at the same level. A 
duplex system would enable a single fault to be 
detected, but not isolated, and therefore the active 
control system would need to be shutdown and the 
vehicle would revert to a passive arrangement with 
reduced performance. Clearly, the ability to revert to a 
passive system requires that the vehicle has these 
mechanical components in place along with the active 
elements. Given the safety critical requirements a triplex 
system would enable the passive back up elements to be 
removed entirely. 
The system studied in this paper is a triplex active 
control system (shown in Figure 4) and can be 
conveniently sub-divided into a sensing sub-system and 
a control sub-system. The control sub-system comprises 
the control algorithms, which have already been 
described, and the actuators (with triplex servo-valves 
Figure 4 Overall Active Control System Architecture 
that consolidate the signals from the three control 
algorithm processors), which are not described in detail 
here. The sensing system comprises sensors and 
processing algorithms to provide the required signals for 
the control sub-system. 
The fundamental purpose of the Kalman filter is to 
provide the signals required by the active steering 
controller with sufficient accuracy to maintain vehicle 
safety and also to meet performance requirements (ride 
and tracking). The filter also fuses together signals 
from the redundant sensors. 
Failure Detection, Isolation and Reconfiguration (FDIR) 
functions support the data fusion functions, so that the 
controller can continue operation in the event of 
hardware or data failures. 
The FDI functions for the system are performed via two 
separate sets of tests: raw data tests and filtered data 
tests. The sensing system for the active steering 
controller is shown in detail in Figure 5. The figure 
shows redundant sensor sets feeding into two 
multiplexed lanes (of safety critical computers). The 
raw sensor data passes through a Failure Detection and 
Isolation function called FDI level 1. This is a gross or 
`hard' sensor error detection stage, in which differences 
between sensors are compared to thresholds and failures 
are declared if the thresholds are repeatedly exceeded. 
The raw data is then passed onto the data fusion 
algorithm, which consists of a Kalman filter. If any 
sensor failures are detected by FDI level 1, then this 
information is passed onto the reconfiguration 
algorithm. It should be noted that no reconfiguration 
action is taken by level 1. A second level of Failure 
Detection and Isolation (FDI level 2) consists of a more 
sophisticated scheme, and uses the statistical 
information generated by the Kalman Filter, combined 
with a signal analysis of the residuals, to detect any 
sensor failures not identified by FDI Level 1. Typically 
these failures will be gradual or 'soft' sensor failures 
which build up over time [McMillan et al 1993]. Should 
any sensor failures be detected then this information is 
again passed onto the reconfiguration algorithm. 
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The reconfiguration algorithm allows the sensing 
system to cope with the reduced redundancy once a 
sensor (or sensors) has been detected and isolated. it 
receives the information generated by the two levels of 
failure detection and isolation, and if appropriate 
follows internal reconfiguration and re-initialisation 
procedures for the Kalman Filters to recover from 
sensor failures. 
6. SIMULATION RESULTS 
Two basic operating conditions are of interest; 
performance on straight track and performance on 
curves. Table 2 provides results for normal operation on 
straight track and for the failure cases where a yaw gyro 
and an accelerometer have failed (to zero output). 
Normal Leading Yaw Leading 
Operation Gyro Failure Accelerometer 
Failure 
r. m. s. Ride (%g) 2.75 2.61 2.68 
Max wheeUrail 12.45 11.30 11.42 
deflection of 
leading wheelset 
mm 
Max wheel/rail 12.33 11.73 11.20 
deflection of 
trailing wheelset 
(mm) 
Table 2 Straight Track Performance 
On first inspection the results in Table 2 may seem 
contradictory, in that performance is improved in the 
presence of a sensor failure. However, for ideal 
operation on straight track the controller would ignore 
the measurement of track irregularities and only respond 
to deterministic track features (curves etc). Therefore, 
when a sensor fails to zero on straight track the 
controller performance will improve, and problems will 
only be encountered when the vehicle moves onto a 
curve. Figure 6 shows the time history of the lateral 
displacement of the wheelsets relative to the track for 
the straight track test, time histories for sensor failure 
conditions are not included, as the differences are 
negligible. 
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The results for the vehicle's curving performance are 
shown in Table 3. The nominal performance is given 
along with a single failure case, the failure of the 
leading wheelset's yaw gyro at 4 seconds is used. This 
fault condition was used as the control algorithms 
proved to be most sensitive to errors in the leading yaw 
gyro. Results for the fault tolerant system containing 
redundant sensors and FDIR functions are also given, 
three cases for different system reconfiguration times 
are given (50,100 and 500ms). 
Normal Leading System Reconfiguration 
Oper- Yaw 
G ation yro 
Failure 50ms 100ms 500ms 
r. m. s. Ride 0.26 0.31 0.26 0.26 0.26 
(%g) 
Max 0.54 67.84 1.54 2.69 8.37 
wheelirail 
deflection of 
leading 
wheelset 
mm 
Max 0.52 66.39 1.25 2.09 7.52 
wheel/rail 
deflection of 
trailing 
wheelset 
mm 
Max lateral 31.43 89.95 31.43 31.43 37.85 
deflection of 
body mm 
Table 3 Curving Performance 
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Figure 8 Lateral Displacement of the Body and 
Wheelsets (Gyro on Leading Wheelset fails at 4 
seconds) 
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Figure 7 shows the time histories of the lateral 
displacement of the body and wheelsets as the vehicle 
traverses the curve, no sensor failures are present. 
Figure 8 shows time histories for the case where the 
yaw gyro on the leading wheelset fails at 4 seconds - no 
system re-configuration takes place. Figure 9 shows the 
time histories where the yaw gyro has again failed at 4 
seconds but in this case the system detects the failure 
and re-configures within 100ms. The improvements in 
the performance of the system with the addition of 
FDIR capabilities are clearly visible. 
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Figure 9 Lateral Displacement of the Body and 
Wheelsets (Gyro on Leading Wheelset fails at 4 
seconds, system reconfigures within I OOms) 
7. CONCLUSION 
Initial indications from the simulation results show that 
system redundancy, fault detection, fault isolation and 
reconfiguration functions are required if active control 
systems are to be implemented seriously. 
This paper has identified a number of issues relating to 
the implementation of practical active steering schemes 
in a safety critical environment for a future railway 
vehicle. Although many of the principles are common 
place in the aerospace field, there is still a considerable 
way to go before a 'steer by wire' railway vehicle will be 
accepted. 
Figure 7 Lateral Displacement of the Body and 
Wheelsets (no Failures) 
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APPENDIX 
The equations for the two-axle vehicle are given below: - 
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Appendix: Symbols and Parameters for Two- 
axle Vehicle 
yw,, yw2, y,, Lateral displacement of leading, trailing 
wheelset and vehicle body 
9, vß, 04,0 Yaw displacement of leading, trailing 
wheelset and vehicle body 
V, . Vehicle travel speed (83.3 m/s or 300 km/hour) 
M. I. Wheelset mass (1250 kg) and Yaw inertia 
(700 kg m2) respectively 
Ls, L Half gauge of wheelset (0.7 m) and Half 
space of the vehicle (4.5 m) 
ro, X Wheel radius (0.45 m) and conicity (0.2) 
respectively 
mr, I, Vehicle mass 90,000 kg)and yaw inertia 
(558,800 kg m) respectively 
K,, C. Lateral stiffness (511 kNIm) and damping 
per wheelset (37 kNslm) respectively 
1,1,122 Longitudinal and lateral creepage 
coefficients (10 MI) 
RI, R2 Radius of the curved track at the leading 
and trailing wheelsets (1000 m) 
0'1'0'2 Cant angle of the curved track at the 
leading and trailing wheelsets (0.6) 
yd, ya Track lateral displacement (irregularities) 
T1, Ts Controlled torque for leading and trailing 
wheelsets respectively 
g Gravity (9.8 m/s2) 
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Abstract 
This paper presents the development of an on-line sensor fault 
detection and identification system for a railway vehicle. 
Modelling of a conventional railway bogie vehicle is 
presented and a detection scheme is 
developed to detect and 
isolate failure of sensors that are used by a Kalman filter 
developed to provide estimation of vehicle variables and track 
parameters. The fault detection scheme uses the same 
Kalman 
filter and requires no extra estimators. The simulation results 
show that the fault sensor can 
be detected and identified 
within half a second. 
i Introduction 
There has been increasing interest in the use of actively 
control system 
for the railway vehicles in last two decades 
[1]. Significant use however has only happened during the 
1990s with the advent of tilting trains in service operation, 
and tilt is now approaching the stage of 
being accepted as 
standard 
for many high speed passenger trains and 
increasingly for regional/cross-country services [2]. This 
acceptance of tilt 
has paved the way for other uses of active 
control within the vehicles' suspensions, and 
it seems likely 
that more general use of active secondary suspension will 
progressively 
increase. 
Railway researchers have now turned their attention onto 
active primary suspensions with the aim to solve the 
difficult 
design conflict between the stability and curving performance 
of railway wheelset. 
The provision of high integrity 
measurements 
is an important practical problem for 
implementing any of such control strategies. The use of active 
=steering will require a high level of fault-tolerance to meet 
requirements 
for both safety and operational performance. 
This is because the replacement of a well developed but 
simple mechanical component 
(the conventional wheelset) 
With an active system controlled 
by a system of sensors, 
controller and actuator 
is not going to be easily accepted by 
an industry 
in which safety has always been a high priority. 
The detection and identification of the particular fault is 
one of the 
fundamental problems. Traditionally, fault- 
tolerance 
in dynamic system is achieved through the use of 
hardware redundancy voting, in which signals from three or 
more identical devices which sense the same physical 
quantity are monitored by a logic circuit [3). This allows 
detection and identification of faults at the expense of added 
components. Since this approach to fault-tolerance can be 
simple and in some cases reasonably straightforward to apply, 
it is widely used and especially in the control of aircraft, 
space vehicles and in certain process plants which are safety- 
critical. But the major problems encountered with this method 
are the extra cost and software and, furthermore, the 
additional space required to accommodate the equipment. 
Modern methods such as analytical redundancy are 
developed to overcome these problems, at least in part, and 
improve the overall system reliability and fault-tolerance. 
One of the well-known methods to detect whether or not a 
fault has occurred is the use of a bank of Kalman filters. The 
sensor measurements are processed by one of Kalman filters 
selected by the fault state estimate. The filters are designed 
for each anticipated fault condition. 
In this paper a method has been developed to detect and 
identify the sensor fault by using only one Kalman filter. The 
use of PSD analysis of the innovations leads to the proposal 
of a low-pass filter prior to r. m. s. calculation which improves 
the sensitivity of fault detection. Because of the significant 
reduction in number of Kalman filters compared with the 
ideas in the previous paragraph, the whole system becomes 
much less complex. 
2 Vehicle & sensor arrangement 
2.1 Vehicle configuration 
As a common practice used by railway researchers, a plan 
view of a half coach model for a conventional rail vehicle 
which consists of a half vehicle body, leading bogie and two 
wheelsets will be considered, as shown in Figure 1. Two 
rigid-axle wheelsets are attached to a rigid bogie-frame by 
primary suspension -- lateral stiffness Icy and longitudinal 
stiffness k,,. A secondary suspension with a lateral stiffness 
ky and a damper c, y in parallel connects the bogie-frame to a 
rigid vehicle body mM. 
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i The use of the curve radii Ri and R2 and the track cant angles 9i and 92 in these equations allows for the movement of these 
reference axes as the vehicle passes through a curve. All 
symbols and parameters used in this paper are given in 
Appendix. (The parameters are based upon typical values for 
a BR MKII coach. ) 
It is clearly indicated in the equations that the variables of 
the railway vehicle are highly interactive and form a complex 
dynamic system. For the purpose of system analysis and 
Kalman filter design, it is desirable to derive a state space 
representation from the equation above: 
X= A"X+G"w 
where: 
xj;,, Y., Vý, W, rY. 4Y. & Ka AxW936rXdY,. 
T 
w=[1/R1 9cß y, 1 1/R2 0c2 Yrz 
2.1 Modelling 
and matrices A, G can be readily derived from equation 1-8. 
The plan view model can be represented by equations 1-8, 
where all variables are related to the 
local track references. 
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3 Fault detection scheme 
3.1 Model based method 
A Kalman filter has been previously developed to estimate 
the vehicle variables that are required by active steering 
control, but which are difficult to measure in practice [4,5]. 
One particular feature of the Kalman filter is that it is 
formulated to include the curvature and cant angle of the 
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Figure 1. Plan View of half vehicle model 
track (on which the vehicle is travelling) as part of the state 
variables so that it works well on both deterministic and 
random track features. In addition it also gives good 
estimation of the curve radius and cant angle. 
In this study, this Kalman filter is also used to provide 
innovations for the fault detection scheme. The Kalman 
filter uses eight sensors: the three accelerometers are used 
to measure the lateral accelerations of the bogie and the 
leading and trailing wheelsets, three of the five gyros are 
used to measure the yaw velocities of the bogie and the two 
wheelsets, and the other two gyros measure the roll 
velocities of the two wheelsets. 
3.2 Fault detection scheme 
It is inevitable that faults will occur in components and sub- 
systems, but the engineering problem is to avoid system 
failures. Fault-tolerance is therefore concerned with 
ensuring that the probability of some combination of these 
faults causing a failure is at a sufficiently low level. 
Wherever a single fault could cause a failure, it is necessary 
to assess the probability of the occurrence; if this is above 
the acceptable level defined for the system, then some form 
of redundancy is necessary. 
estimates 
Figure 2. Diagram of the fault detection scheme 
A block diagram of the fault detection scheme is given 
in Figure 2. The innovations (or residuals) of the Kalman 
filter are fed through a 2nd order low-pass filter, and the 
filtered innovations are processed by a moving window 
with a width of one second to calculate their r. m. s. values 
and then fed through the threshold 
detector and the 
detection logic to identify which sensor has the fault. 
Figure 3 compares a short sequence of the time history 
of the innovation of the 
leading accelerometer with no 
sensor faults and that when the sensor 
fails at 4 seconds. 
The innovation is significantly increased when the sensor 
fails. The moving r. m. s. window makes the fault detection 
and separation easier, and 
Figure 4 shows calculated r. m. s. 
innovations for the two conditions after the moving 
window, in this case without the low-pass filter. 
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Figure 4. Moving r. m. s. of the innovations 
A power spectrum analysis of the innovations show that 
a sensor fault mainly affects low frequency components of 
the innovations as shown in Figure 5, which plots the PSD 
of the innovation on the leading accelerometer with and 
without fault. (The PSD on other innovations are very 
similar. ) This is why a 2nd order low-pass filter is used to 
pre-filter the innovation signals. The cut-off frequency of 
the 2rd order low-pass filter is set to 10 Hz. Figure 6 gives a 
comparison between the r. m. s. innovations with the 2nd 
order low-pass filter and without the filter, and it shows that 
by using the low-pass filter the general level of the no-fault 
rms is substantially reduced, making it much easier to 
separate fault and no-fault conditions. 
The study indicates that it is also very efficient to 
distinguish between two different sensors faults. Figure 7 
shows how various faults affect the r. m. s. innovation of 
leading acceleration. A fault of the leading accelerometer 
itself or a fault of leading yaw gyro leads to the largest 
increase on the innovation level and all other sensor faults 
give much smaller increase. Therefore, by setting the level 
of the threshold detector to around 0.1 for this channel, a 
fault of the leading accelerometer or the leading yaw gyro 
can be separated from others. 
Fault separation between the accelerometer and the yaw 
gyro can be achieved via the r. m. s. innovation of the bogie 
accelerometer as shown in Figure 8. 
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Figure 7. RMS innovations on leading accelerometer 
By studying the fault of each individual sensor and 
tuning the threshold level, a logic sequence is generated to 
indicate different sensor fault conditions. Table 1 is the 
logic table indicating how the various sensor faults affect 
four of the innovations. 
Leading accelerometer fault 
0.3 
c 0.25 
0 
N 
0.2 
80.15 
c 0.1Leading yaw-gyro fault 
2468 10 12 14 
Time 
Figure 8. RMS innovations on bogie accelerometer 
Leading Trailing Bogie Bogie yaw 
acc. acc. acc. gyro 
Leading acc. 
fault 1 0 1 0 
Trailing acc. 
fault 0 1 1 0 
Bogie acc. 
fault 0 0 1 0 
Leading 
yaw gyro 1 0 0 1 
fault 
Trailing 
yaw gyro 0 1 0 0 
fault 
Bogie 
yaw gyro 0 0 0 1 
fault 
No sensor 
fault 0 0 0 0 
Table 1. Logic sequences for different sensor fault cases 
Because the r. m. s. amplitude threshold detectors arc not 
activated at exactly the same time for a particular fault, it is 
necessary to introduce a time delay before the fault is 
declared. This is achieved by ensuring that a sensor fault 
will only be reported once the same logic sequence has 
continuously appeared N times. 
There is of course a trade-off between the accuracy and 
the speed of fault detection when choosing the value of N. 
If N is small, it will take less time to report a sensor fault, 
but there is a potential risk of a false alarm. When the N is 
too high, it will take much longer time to report the fault, 
but with more accuracy. N=100 is used here with a 
calculation frequency of 1kHz, and the computer simulation 
shows that a sensor fault can be accurately reported within 
0.4 second. 
Figures 9 and 10 show the actual fault and potential 
fault alarms on both trailing and bogie accelerometers when 
the trailing accelerometer fault occurs at 4s. From the 
figures it can be seen that before the trailing accelerometer 
fault is declared there are two potential fault alarms on 
trailing and bogie accelerometers. The use of the time delay 
avoids in this case a false alarm on the bogie accelerometer. 
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4 Conclusion 
This paper has presented the modelling for a half railway 
vehicle and an on-line 
fault detection system. A detection 
and isolation scheme has 
been developed for a fault-tolerant 
sensing system. With a combination of low pass filtering 
and moving r. m. s. window calculation of innovation signals 
of the Kalman filters, 
it has been demonstrated that any 
single sensor fault can 
be quickly and effectively detected 
and identified. An important 
feature of this work is that 
only a single Kalman 
filter has been used. 
Appendix: Symbols and Parameters 
r0=O. 455 m 
x. 05 
v-45.3 mIs 
a=1.3 m 
I=0.717 m2 
I,,, =700 kgm 
lb=2160 kgm2 
m, = 1260 kg 
mb=2200 kg 
mbd 1=13000 
kg 
R=1000 m 
6=6° 
wheelset radius 
conicity of wheelset 
vehicle forward velocity 
semi wheel-wheel spacing 
half gauge 
wheelset yaw inertia 
bogie yaw inertia 
wheelset mass 
bogie mass 
half of vehicle body mass 
curve radius of track 
track cant angle 
0d=6° cant deficiency 
ky=5 MN/m primary lateral stiffness per 
wheelset 
k, =9.726 MNm2/rad primary longitudinal stiffness 
per wheelset 
ks). =242 KN/m secondary lateral stiffness per 
bogie 
csy=20 KNs/m secondary lateral damper per 
bogie 
kuy=2420 KN/m secondary lateral end stiffness 
per bogie 
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Notation 
yu, l, Yw2, ya Lateral displacement of leading, trailing wheelset and vehicle body 
0.1,0w2, ea Yaw displacement of leading, trailing wheelset and vehicle body 
V. Vehicle travel speed (83.3,55 and 25 m/s) 
Wheelset mass (1250 kg) and yaw inertia (700 kg m2) respectively 
Lg, L. Half gauge of wheelset (0.7 m) and half space of the vehicle (4.5 m) 
ro, X Wheel radius WAS m) and conicity (0.2) respectively 
m9, ID Vehicle mass (30 000 kg) and yaw inertia (558 800 kg in2) respectively 
K,,, C, Lateral stiffness (511 kN/m) and damping per wheelset (37 kN s/m) 
fl, /fn Longitudinal and lateral creepage coefficients (10 MN) R1, R2 Radius of the curved track at the leading and trailing wheelsets (3500, 
300 m) 
0,1,9,2 Cant angle of the curved track at the leading and trailing wheelsets (6°) 
ynyJ2 Track lateral displacement (irregularities) 
T. I, T. a Controlled torque for leading and trailing wheelsets respectively 
g Gravity (9.8 m/s2) 
ft Spatial frequency (cycle/m) 
At.,, Track roughness factor in vertical direction (2.5 x 10'' m2/cycle/m) 
A, j Track roughness factor in lateral direction (1.89 x 10-' m2/cycle/m) k, Vertical spring stiffness (700 000 N/m) 
c, Skyhook damper (190 000 N/=-1) 
1. Introduction 
In the last two decades, there has been an increasing level of interest in the use 
of active suspensions for railway vehicles as a replacement for and/or supplement 
to conventional passive components. Tilting trains, where the vehicles are tilted 
inwards on curved tracks to allow faster travelling speed without compromising 
the passenger comfort, are being adopted in Europe and other parts of the world 
in order to save journey time. More general use of active control of the secondary 
suspensions between the bogie and the vehicle body to improve the ride quality 
is being taken very seriously by the railway industry and much research and 
development work has been done (Goodall, 1997). In addition, the use of active 
primary suspensions has been under investigation recently (Mei and Goodall, 
1999a). 
Active controls often require feedback signals that are not readily available and 
cannot be easily and economically measured in practice. The issue of obtaining 
accurate and reliable information for those signals via simple measurements, e. g., 
using inertial sensors, is of both academic and industrial interest. Although for 
control strategies such as H°° control the issue is not so obvious, since the esti- 
mation structure is embedded in the controller (Zeng et al., 1997; Kawabe et al., 
1998), direct design and implementation of a state observer is often desirable and 
the use of Kalman filters is one of the effective means to estimate those parameters. 
The Kalman filter is a model-based state observer and it is formulated using 
the state-space approach, in which a dynamic system is described by a set of state 
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variables. The state contains all the necessary information about the behaviour of 
the system such that, provided the system is observable, it can be used to estimate 
the current state of the system from a set of output measurements (Haykin, 1989). 
In some cases the model of an observable system can be directly used to con- 
struct the Kalman filter and all inputs to the plant can be considered as white 
noise disturbances; the design is then relatively straightforward. In Tanifuji and 
Shimamune (1996), an optimal controller is introduced to implement active con- 
trols for the secondary lateral suspension of a 1/6-scaled down railway vehicle. 
The full-state feedback is provided by a Kalman filter using the measurement of 
accelerations of the vehicle body lateral, roll and bogie lateral motions, and relative 
displacement between the body and bogie. Kalman filters are also used to provide 
fast curvature recognition for active tilting of the railway vehicle on curves, where 
a system of gyroscopes and accelerometers mounted directly in the vehicle body 
measures the vehicle body orientation with respect to an inertial reference frame 
of axes (Stribersky et al., 1995). 
However, in some applications the development of a Kalman filter to provide 
reliable and accurate estimation for railway vehicles is much more complicated, 
particularly when two distinct input characteristics of the railway track, i. e., 
random and deterministic track inputs, are considered. The random track inputs 
are due to the track irregularities (in both vertical and lateral directions) whilst 
the deterministic track inputs such as curvatures and gradients are intended 
features. Many control studies of active suspensions have neglected the impor- 
tance of properly accommodating the two types of input, which would in practice 
cause unacceptably large suspension deflections and/or poor performance when 
vehicles travel on those intended track inputs. This paper presents the develop- 
ment of two Kalman filter-based systems, one providing feedback for active steer- 
ing of railway wheelsets and the other being used to implement an (active) vertical 
suspension. The two solutions presented distinguish effectively between the ran- 
dom and deterministic track inputs, and hence ensure performance improvement 
for all track inputs. Although the two methods are based on two different control 
applications of active control for railway vehicles, the principles described apply 
to other uses of model-based estimation on railway vehicles. 
In section 3, a Kalman filter for the plan-view model of a two-axle vehicle is 
described. In this study, the Kalman filter is formulated to include the curve radius 
and cant angles of the track as part of the state variables. Because the parameters 
of the railway track on which the vehicle is travelling are directly estimated in 
the Kalman filter, the effect of the curved track on the vehicles is separated from 
that caused by the track irregularities. 
In section 4, a different Kalman filter-based approach is developed to estimate 
state variables of the side-view model of a quarter car. In this case, the Kalman 
filter is designed using the basic vehicle model. However, the knowledge of the 
well defined deterministic track features is used as extra information to form a 
nonlinear Kalman filter that is able to detect the presence of a track gradient and 
generates an absolute velocity signal, which, as far as possible, ignores the effect 
of gradients. 
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2. Characteristics of railway track 
Railway track comprises two distinct types of input: deterministic inputs and random 
inputs. Deterministic track inputs are intended features representing the design 
alignment associated with curves, gradients and transitions to the curves/ 
gradients. The characteristics of the curves, gradients and transitions are defined 
in order to satisfy passenger comfort requirements. These are specified in terms 
of time characteristics, and translated by civil engineers into distance profiles, 
depending upon the train operating speed. Random inputs are the unintended 
deviations from the intended alignment in both lateral and vertical directions, i. e., 
track irregularities, the general level of which can be determined when the track 
is first constructed and controlled during operation by appropriate levels of track 
maintenance. Reconciling a controller/ observer design to accommodate both 
these input types effectively is a nontrivial problem, and a key feature of the paper 
is the way in which this has been achieved. 
In the first study, the deterministic track input used for high-speed trains (up 
to 300 km/h) is defined as a curved track of radius 3500 m with a cant angle of 
6°, having transition sections at both ends with a 1-s duration. A second determin- 
istic track input is used for low-speed (25 m/s) curves, where the curve radius 
is 300 m. Generic random track input data, representing the roughness of typical 
main lines, are generated from a filtered white-noise generator to give an appropri- 
ate spatial power spectrum (A,, / f ,) for the track lateral position. Also used in the 
study are three sets of real track data measured from railway lines between Göt- 
tingen and Hannover, between Karthaus and Dillingen and between Neubeckum 
and Hamm in Germany. Although it is obviously sensible to undertake simula- 
tions with real track data, one of the problems is that in some cases their frequency 'ý. 
content is limited - hence the use of artificially generated track data to ensure full coverage of the relevant frequency range. This combination of real and gener- 
ated track data ensures a comprehensive assessment. 
In the second study, a typical railway gradient of 1% is assumed with a super- 
imposed acceleration limit of 0.5 m/s2 (5% g), a value which is specified for pass- 
enger comfort reasons and is used to determine the design alignment of the track. 
At a typical speed of 55 m/s this corresponds to a 1.1-s transitional section. The 
random inputs can be approximated by a power spectrum for the track vertical 
position given by Alf t. 
3. Kalman filter for direct estimation of track parameters 
The motivation of the study in this section is to provide accurate feedback signals 
for active steering of railway wheelsets in all track conditions. Active steering of 
railway wheelsets is mainly concerned with the lateral and yaw motions of railway 
vehicles, so only the plan-view model is necessary, and Figure 1 gives a plan-view 
diagram of a two-axle vehicle used in the study. The vehicle mainly consists of 
a vehicle body and two wheelsets. Bogies are removed and the solid axle wheelsets 
are mounted onto the vehicle body via the springs and dampers in the lateral 
direction. No longitudinal springs or dampers are shown, although in practice 
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Wheelset 
Torque Input 
Frame/vehicle body 
Figure 1 Plan view of a two-axle vehicle 
some form of longitudinal connection is needed to transmit traction and braking 
forces from the wheels to the vehicle body. The torque input shown in the diagram 
is an actuator replacing the conventional passive component. The conventional 
(solid axle) wheelset for the railway vehicle is composed of two coned (or other- 
wise profiled) wheels rigidly fixed to a common axle. This arrangement has the 
advantages of natural centring and curving, but the dynamic properties of a solid 
axle wheelset are largely dominated by creep forces at the rail /wheel contact 
point(s) and, when unconstrained it also exhibits a sustained oscillation in the 
lateral plane often referred as the 'wheelset hunting'. This is overcome on conven- 
tional railway vehicles using springs connected from the wheelset to the bogie or 
the body of the vehicle; however, this added stiffness degrades the ability of the 
wheelset to curve and results in severe wear of the wheels and rails (Wickens, 
1969). By using active controls, it is possible to solve the difficult trade-off between 
the curving, the dynamic performance and the stability (Mei and Goodall, 1999a). 
The difficulty is that some of the main system variables, e. g. the lateral movement 
between the wheel and rail, are in practice very difficult and expensive to measure 
directly, and the reason for developing a Kalman filter is therefore to provide 
necessary feedback signals for the active controls. 
The plan-view model of the vehicle can be represented by Equations 1-6 (Mei 
et al., 1999c), where all variables are related to the local track references. The 
equations are all linearized, although in practice substantial nonlinearities exist, 
particularly when curves are being negotiated. Nevertheless the use of linearized 
models is appropriate, because the estimator is to be used for active steering 
schemes that are able to improve performance on curves in a manner which con- 
siderably reduces the effects of nonlinearities. A study comparing this model with 
a nonlinear full model has shown that the linearized model is quite adequate for 
the development of active controllers (Mei et al., 1999d). 
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For the development of a Kalman filter, a state-space representation is preferred 
and can be readily derived from the equations: 
X=A"X+B"u+r-w (7) 
where 
X= [ywl ywl ewl Owl 9w2 Yw2 
6w2 ew2 qv yv ev "viT 
u= [Twl 
Tw2IT 
w= [1 / R1 e, 1 yel 1/ R2 6c2 yt2IT 
In principle, a Kalman filter can be designed based on Equation 7 with an output 
equation to represent the measurements and with track input vector w treated as 
disturbances. A detailed study has shown that the resulting Kalman filter will 
give accurate estimation on straight track with irregularities; however, the esti- 
mation errors are completely unacceptable when the vehicle is travelling on a 
curved track. This is because the curve radius and cant angles of the railway track 
are deterministic features, which are not readily known in the Kalman filter, and 
they cannot be simply treated as disturbances. A solution is to re-formulate the 
state equation for the design of Kalman filter such that w is included as part of 
the state vector rather than input signals as shown in Equation 8. 
In the equation, the lateral displacements of the wheelset and vehicle body 
(ywi' yw2, yv) are replaced by their relative deflections to the track lateral displace- 
ments, i. e. yw, - Yt ' yw2 - Yt2 and yr, - (ytl + yt2)/2 respectively. 
Thus the matrices 
A and F in Equation 7 are modified accordingly to obtain A', F, and ['Z. This is 
because any controller developed for active steering will be required to control 
the vehicle to follow the track and thus would be very likely to use the relative 
deflections as part of the feedback. wf,, wp2 and wß for the track variables in the 
matrix A. ideally should be set to zero for pure integrators, but in the design a 
small value of 0.1 is used to have the full rank of the matrix Ae. The derivatives 
of the track irregularity are considered as the white (input) noises in the design. 
The use of the white noise is of course an approximation, which will result in a 
'nonoptimal' observer. In practice the irregularities of a real track are nonlinear 
and filtered noises, but inclusion of those characteristics in the Kalman filter design 
would significantly increase the system complexity and hence the difficulty of 
implementation. Therefore a white noise is often used (Spangler and Marta, 1966) 
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9 
0 
and, as it will be shown, the resulted Kalman filter gives adequate estimation of 
the state variables for the use of active steering. 
Xe=Ae Xe+Be-ue+r. - we (8) 
where 
Xf=l 
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An earlier study shows that eight sensors (three accelerometers and five gyros) 
will be sufficient for the Kalman filter Wei et al., 1999c). The accelerometers are 
used to measure the lateral accelerations of the body and the two wheelsets, and 
three of the five gyros are used to measure the yaw velocities of the vehicle body 
and the wheelsets. The other two gyros measure the roll velocities of the two 
wheelsets. However, a more recent study suggests that it is possible to remove 
the two sensors on the vehicle body. The output equation for the measurements 
is given in Equation 9. 
Y. =C. "X. +D. "u. +v (9) 
where C. and D. can be easily formed using corresponding rows of A. and B. 
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respectively, v is a vector representing the measurement noise levels of the sen- 
sors. In the study all measurement noises are set to 2% of their maximum values 
at the top vehicle speed of 83.3 m/s, which is determined by taking 3x their true 
(root mean square r. m. s. ) value on the straight track with irregularities, plus the 
peak value of their responses on the pure curved track. 
By tuning the covariance matrix for the track noises Q. = diag(q flack, quack. gcrv, 
gcant, gcurv, gcant), the performance and robustness of the Kalman filters can be thor- 
oughly studied. gfrack can be readily set to the covariance value of irregularities 
of the track lateral velocity; however, the values of q, and gcant need to be tuned 
in the design and the best estimation results are obtained at q, r =10-9 and gcant 
= 10-10. Figure 2 shows the basic structure of the system, where the vehicle is 
stabilized by an optimal controller developed previously for the active steering 
(Mei and Goodall, 1999b) and the output of the Kalman filter is used to provide 
feedback signals required by the controller. 
Simulations are carried out to study the performance of the Kalman filter. A 
number of generically generated random track data are tested, and they all show 
similar estimation results. Figure 3 gives the estimated lateral displacement 
(wheel-rail) and the estimation error of the leading wheelset with one set of the 
data; a similar result is obtained for the trailing wheelset. Clearly the Kalman filter 
estimates the wheel-rail lateral deflection very well and the small error is mainly 
due to the measurement noise. Figures 4-6 demonstrate that the Kalman filter 
also works very well with the three different sets of measured real track data. 
The estimated wheel-rail displacements are similar to that using the generic data, 
except that the movements are smaller due to lower levels of irregularities from 
the real tracks. Figures 7 and 8 give the estimations of the angle of attack and the 
estimation error using the generic track and one set of real track data, respectively. 
The estimation error is quite low, but in Figure 7 there is a noticeable low- 
frequency component of the estimation errors, which is not present in Figure 8. 
The difference may be caused by the fact that the long wavelength components 
of the real track data are filtered with a cut-off wavelength of about 70 m due to 
the technology used for the track measurement. Although none of the track data 
Track input 
Vehicle model 
Equations. 1-6 
Sensors 
r---------------------------------- ------- 
Ym 
° x° Optimal Kalman Filter 
Gain matrix 
controller 
Figure 2 Diagram of the control structure 
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used in the simulation is the ideal white noise, the generic track data contain a 
much higher level of low-frequency components. However, an examination of the 
estimations for all other state variables shows that the estimation error is accept- 
able and it does not significantly affect the performance of the closed-loop system. 
Figure 9 presents the estimated track curvature (1 /R) and estimation error of 
the Kalman filter. A very close match is achieved, even though the track determin- 
istic features are strictly not part of the vehicle dynamics. A similar result is 
obtained for the cant angle of the track. The Kalman filter also works well at lower 
speeds and Figure 10 shows the wheelset lateral displacement on a curved track 
(R = 300 m) at the speed of 25 m/s. The parameters of the Kalman filter have to 
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be changed for the lower speed, because frequencies of the two modes (i. e., 
kinematic and high frequency modes) of a railway wheelset vary with vehicle 
travelling speed, and the Kalman filter designed at a particular speed should only 
be used within a reasonable range of that speed. The study has found that a 
Kalman filter designed for the use at a higher speed will not affect the stability 
of the closed-loop system at lower speeds; however, estimation errors can be unac- 
ceptably larger. Therefore some form of adaptation / gain scheduling will be neces- 
sary if the Kalman filter is to be used across a wide range of vehicle speed. 
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4. Kalman filter with detection of track deterministic feature 
The work described in this section is originally aimed at optimizing the trade-off 
between the random and deterministic input requirements for the implementation 
of the active vertical secondary suspension using the principle of 'skyhook' damp- 
ing. 
The primary objective for using active secondary suspensions on railway 
vehicles is to improve suspension performance, and thereby run faster or provide 
a better ride quality. It is well accepted that the use of skyhook damping (also 
known as absolute velocity damping) is a key feature of the active control law; 
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e. g., on straight track this can deliver a 50% reduction in r. m. s. acceleration on 
the body of the vehicle even without reducing the spring rate of the suspension. 
A conventional passive damper provides damping proportional to the relative 
velocity between the bogie (or track) and the body; a high level of damping con- 
trols the resonance effectively, but unfortunately transmits high-frequency 
vibrations. By contrast, skyhook damping can be increased without degrading 
ride quality at high frequencies, and on straight or level track can be shown to 
be the optimal solution (Karnopp, 1978). 
However, skyhook damping can increase quite radically the suspension deflec- 
tion which occurs when the vehicle negotiates a deterministic track feature (Davis 
and Thompson, 1988; Goodall, 1993) and it becomes necessary to modify the con- 
trol law in some manner, for example by filtering the absolute velocity to remove 
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the low-frequency variations associated with the deterministic input. A solution 
using a complementary filter shows that a good compromise between the ride 
quality and actuator deflection can be reached (Li and Goodall, 1997), but this 
paper concentrates upon the application of Kalman filters to this problem. 
For this study a 'quarter car' model of a railway vehicle has been assumed, as 
shown in Figure 11, with parameters that are typical for a modern high-speed 
vehicle. Notice that the primary suspension has not been included because this 
is essentially a secondary suspension problem and the extra model complexity is 
not needed. Also the work has been extended to a side-view model (i. e., bounce 
and pitch modes), but the result for this is not very different from the simpler 
bounce-only model and so only the results from the simple model are presented. 
As the body velocity is one of the system states, a Kalman filter can be used in 
the feedback loop of the suspension control system to estimate the absolute verti- 
cal velocity of the vehicle body. The estimated velocity is then processed directly 
by the skyhook damping factor cs to give the control force F. The design of the 
Kalman filter can be simply derived from the ideal suspension model. By adjusting 
the covariance of the process noise in the Kalman filter, a trade-off curve for this 
control structure is obtained. However, as will be shown later in Figure 14, the 
performance improvement of this approach is limited. This is because it does not 
use the knowledge of the deterministic features, which for a railway system is 
very well defined for reasons of passenger comfort (Li and Goodall, 1997). 
Figures 12 and 13 illustrate the basic structures of two nonlinear approaches 
that take advantage of the knowledge of the deterministic track input. Both con- 
trollers use Kalman filters derived directly from the ideal system model, but the 
input to the filter, which produces the estimate of body velocity, now includes 
an acceleration correction associated with the track transition. 
Figure 12 shows a dual Kalman filter approach, where one Kalman filter (KF1) 
provides the state estimate for applying skyhook damping, and the acceleration 
residual for the second filter (KF2) is used to provide a nonlinear correction. On 
a transition to a gradient the residual increases beyond the normal levels encoun- 
tered on level track, and if it exceeds a threshold value then ±0.5 m/ s2 is 
subtracted from the measured acceleration going to KFI because this is the super- 
imposed acceleration level associated with the transition. 
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For KFl the process noise Qkl is first set to the expected value Q, which is 
known to give good ride quality, but the process noise QkI for KF2 and threshold 
level (r1) are varied to separate the deterministic and the random track features, 
and to give the smallest suspension deflection while keeping the same ride quality 
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as the linear Kalman filter approach. By selecting different Qkl and tuning Q, 2 and the threshold level (r, ), a trade-off curve can be obtained as shown in Figure 14. 
A simpler structure using a single Kalman filter is also developed primarily to 
make the system easier to implement and this is achieved by using an additional 
measurement feedback. Figure 13 gives the block diagram of this control method. 
In this case the measurement of the suspension deflection is used and the acceler- 
ation correction of ±0.5 m/ s2 simply comes from a threshold detector applied to 
the suspension deflection, with the threshold again being adjusted to obtain the 
smallest suspension deflection. 
To study the performance of different control strategies, Figure 14 gives trade- 
off curves between the improvement in ride quality and maximum suspension 
deflections derived from simulation results for the linear Kalman filter, nonlinear 
dual and single Kalman filter approaches. The results for a complementary filter 
solution and the passive system are also given in the diagram for a comparison. 
For the linear Kalman filter approach, it shows that when Qk equals Q, the 
Kalman filter gives a very good estimation for the body velocity of the vehicle, 
and for the random track a good ride quality is achieved, but for the deterministic 
feature it creates the largest suspension deflection, essentially the same result as 
for pure skyhook damping. Decreasing Qk reduces the maximum suspension 
deflection, but this is only achieved by compromising the ride quality. It can also 
be seen that initially the curve is very similar to the complementary filter 
approach, but it is not possible to reduce the maximum suspension deflection 
as far. 
For the dual Kalman filter, when the process noise for KF1 (Qk, ) is set to Q, 
the ride quality can be significantly improved by around 68% compared with the 
passive system although the maximum suspension deflection is still high. Reduc- 
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ing Qkl will reduce the maximum suspension deflection but worsen the ride qual- 
ity at the same time. Compared with the linear Kalman filter control, a large 
reduction in suspension deflection can be achieved at lower ride qualities (e. g. 
47% at 1.1% g), but the linear and nonlinear curves can be seen to converge for 
higher ride qualities and cannot achieve as good a trade-off as the complementary 
filter method. A slight improvement can be obtained by using the nonlinear single 
Kalman filter approach compared with the dual Kalman filter method. 
Figure 15 illustrates the improvement of ride quality that the nonlinear Kalman 
filter approach achieves compared with the conventional passive suspensions. A 
substantial reduction of acceleration on the vehicle body is obtained by the means 
of active control. Also, the controller does not cause excessive suspension deflec- 
tions when the vehicle travels onto a gradient as shown in Figure 16, where the 
maximum suspension travel is less than 60 mm. This is because the deterministic 
track is explicitly tackled in the design. Also shown in the figure is the un- 
acceptably large suspension deflection (more than 150 mm) from a pure skyhook 
damping control which gives no consideration to the track gradient. 
5. Conclusions 
This paper has presented the development of Kalman filters for two active control 
applications for railway vehicles. A common feature in the two applications is the 
requirement to tackle effectively a conflict in the design of Kalman filters caused 
by two distinct types of track input. The random input due to track irregularities 
can be considered as a noise input. However, the characteristics of deterministic 
track inputs such as curves and gradients are not properly represented by noise 
and cannot be neglected, because if not properly treated in the design they would 
adversely affect the performance of active control and/or may cause problems 
for practical implementation. This paper has presented two effective Kalman filter- 
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based strategies to solve the design conflict. The proposed approaches are based 
on two different active control applications; the principle can, however, be applied 
to other areas of railway vehicles. 
In the first study, a reformulated Kalman filter has been developed to provide 
accurate state estimations for the plan-view model of a two-axle railway vehicle. 
The Kalman filter has been formulated to include track parameters as part of the 
states, which enables direct estimations of the track deterministic features. The 
performance of the Kalman filter has been evaluated by using computer simula- 
tions, where the output of the Kalman filter is used to provide the feedback signals 
for active steering of the vehicle. It has been demonstrated that the Kalman filter 
gives very good estimations of all the state variables, especially the wheel-rail 
deflections. When compared with ideal feedback, the performance of the active 
controller is very little affected by the observer. 
In the second study, the paper has described a nonlinear Kalman filter strategy 
for the vertical secondary suspensions of railway vehicles. The knowledge of the 
well defined deterministic track features is used to detect the presence of a gradi- 
ent via either a second Kalman filter or the measurement of the suspension deflec- 
tion. The results have demonstrated that the overall design trade-off between the 
ride quality and suspension deflection is possible, but not straightforward. A sig- 
nificant improvement in ride quality (over 50%) can be achieved. However, in 
general the Kalman filter approaches appear to give larger suspension deflections 
than the passive system. 
The Kalman filter is a model-based estimator and its performance is affected 
by the accuracy of system models. This study has found that, when vehicle para- 
meters such as the wheelset conicity, creep coefficient and body mass deviate from 
the nominal values used (but within a practical boundary), the stability of the 
overall system with active controls is still maintained although the estimation 
errors are increased as expected. It may be desirable to develop nonlinear 
Pure sky-hook damping 
Non-linear KF control 
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extended Kalman filters to accommodate those variations, and this paper has 
established a foundation for any further work in this direction. 
It seems almost inevitable that rail vehicles will follow the trend away from 
purely mechanical solutions and towards ever-increasing use of electronic control 
which has been set by other industrial sectors, including competing modes of transport such as aircraft and automobiles. Such systems will require high-quality, high-integrity measurements, and the use of model-based estimation based upon Kalman filters is likely to be central to achieving practical and cost-effective sol- utions. This paper has not only tackled two particular requirements, but also has explored some of the fundamental issues which apply in general when Kalman filters are used as estimators for active suspensions on rail vehicles. 
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